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Abstract. Precipitation lapse rates (PLRs) play a key role in hydrological simulations of mountainous catchments. However, 

they are often poorly represented in the precipitation estimates and are typically simplified as constant and positive values in 

the hydrological models. In this study, we combine a stochastic weather generator with a hydrological model to investigate 10 

how PLRs affect runoff simulations for several mountainous catchments in Switzerland. In the weather generator, the PLR 

adjusts precipitation from station elevation to mean catchment elevation, while in the hydrological model it redistributes 

precipitation among elevation zones. By systematically varying the PLRs in both the weather generator and the hydrological 

model between 0% and 10%, we found effects on mean seasonal and annual runoff, as well as on extreme floods, depending 

on catchment characteristics and precipitation network properties. Specifically, higher-elevation catchments were less sensitive 15 

compared to lower-elevation catchments. Increasing PLRs tended to increase summer floods, while decreasing PLRs tended 

to increase winter floods. In addition, the seasonality of frequent floods was more sensitive to changes in PLRs than that of 

rare floods. Moreover, flood seasonality was primarily controlled by the PLR in the hydrological model, while flood magnitude 

was mainly driven by the PLR in the weather generator through its effect on precipitation amounts. These findings highlight 

the need for a more comprehensive investigation of the assumption of a constant lapse rate in hydrological models, particularly 20 

in mountainous regions where precipitation gradients are strong and observations are limited. 

1 Introduction 

Precipitation lapse rates (PLRs) are often used to describe the variation of precipitation with elevation. They represent an 

empirical relationship that emerges from processes such as the uplift of humid air masses, which promotes convection and 

condensation. Thus, at aggregated time scales like season or year, precipitation generally increases with elevation, typically 25 

referred to as orographic enhancement (Barry and Chorley, 2010; Houze, 2012). However, at event scale this relationship is 

not evident as the spatial pattern of precipitation is influenced by the location where the precipitation event first occurs 

(Legrand et al., 2024). Additionally, this increase is not necessarily linear and may present a threshold effect at intermediate 

elevations (Avanzi et al., 2020; Napoli et al., 2019).  
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PLRs strongly influence the water balance of high-elevation catchments and, thus, also the seasonal dynamics of snow 30 

accumulation and melt, the snowpack distribution, and glacial mass balances (Bales et al., 2006; Bohne et al., 2020; Dettinger 

et al., 2004; Houze, 2012; Morán‐Tejeda et al., 2013; Mott et al., 2014; Ragettli et al., 2014; Sarmadi et al., 2019; Sospedra‐

Alfonso et al., 2015; Viviroli et al., 2007). Short-duration orographic precipitation events in mountainous areas can be very 

intense and often trigger floods (Buzzi et al., 1998; Chen and Shi, 2023; Marra et al., 2021; Panziera et al., 2015) landslides, 

and avalanches Thus, PLRs play an important role in Earth's water budget (Jiang, 2003) and have utmost importance for water 35 

resources planning, agriculture, energy production, ecosystem conservation and natural hazard preparedness.  

Despite this importance, the variation of precipitation with elevation remains poorly understood due to its highly localized 

nature, which depends on the synoptic weather state, the season, and the local topography (Bell et al., 2022; Benoit et al., 2024; 

Dura et al., 2024; Houze, 2012; Marra et al., 2021; Napoli et al., 2019; Ragettli et al., 2014; Ruelland, 2020; Sevruk, 1997). 

These complexities pose several challenges in operational hydrology. Additionally, estimating precipitation in mountainous 40 

regions is challenging due to the limited density of rain gauges at higher elevations (Frei and Schär, 1998; Guan et al., 2005; 

Masson and Frei, 2014; Roe, 2005; Ruelland, 2020; Shahgedanova et al., 2021; Suri and Azad, 2024; Wortmann et al., 2018). 

While Switzerland, for instance, has a comparatively dense gauge network most stations are located at low and intermediate 

elevations and higher elevations are underrepresented (Viviroli et al., 2011).  

Different approaches have been proposed to address the precipitation variability arising from orographic enhancement and the 45 

resulting uncertainty in precipitation estimates in mountainous regions (Avanzi et al., 2020; Bertoncini and Pomeroy, 2025a; 

Medina and Houze, 2003). Various approaches to estimate PLRs rely on precipitation gauge observations and geostatistical 

techniques (Daly et al., 1994, 2008; Foehn et al., 2018; Frei and Schär, 1998; Isotta et al., 2019). Avanzi et al. (2020) derived 

a climatology of lapse rates combining snow-course data points with ground-based precipitation measurements. Orographic 

enhancement has also been studied with composite products, such as combining radar images with digital elevation models 50 

(Foresti and Pozdnoukhov, 2012) or combining radar or satellite data with rain gauge observations (Crochet, 2009; Foresti and 

Pozdnoukhov, 2012; Nie et al., 2015). Recently, Dura et al. (2024) evaluated seven different precipitation products 

(interpolation, reanalysis, satellite, radar, and regional climate model simulations) to determine their ability to capture the 

elevation dependence of annual and seasonal precipitation in France. They underlined that each product has its own 

uncertainties, such as underestimating precipitation at high elevations due to gauge undercatch. In that direction, Bertoncini 55 

and Pomeroy (2025) developed a framework for generating daily precipitation fields that account for the uncertainty in the 

elevation of the precipitation gauge network by explicitly varying lapse rates. The authors emphasize the importance of the 

uncertainty in mountain precipitation estimates due to lapse rates and suggest that resolving these inaccuracies would improve 

hydrological predictions of extreme events. 

Hydrological catchment models are influenced by these uncertainties and may fail to close their water balance because they 60 

are sensitive to precipitation input amounts (Bardossy and Das, 2008; Bertoncini and Pomeroy, 2025a; Nicótina et al., 2008; 

Oudin et al., 2006). Uncertainties from precipitation inputs further propagate to runoff simulations. As discussed in detail in 

Ruelland (2020), further research is needed to determine best practices for generating precipitation inputs that lead to robust 
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streamflow simulations. Beyond that, assigning a realistic lapse rate a priori in hydrological models is difficult and typically 

involves assumptions and simplifications. Taken together, these factors make streamflow simulation in mountainous 65 

environments a challenging task (Ragettli et al., 2014; Ragettli and Pellicciotti, 2012; Verbunt et al., 2003), which highlights 

the need for a reliable representation of the underlying spatiotemporal processes of precipitation in these regions. That would 

lead to reliable estimates of high-intensity rainfall events that modelers would use for the estimation of natural hazards like 

flash floods. 

In hydrological catchment models, PLRs are commonly used to account for the precipitation increase with elevation. Typically, 70 

observed precipitation is extrapolated from a gauging station or an average from several stations to the different elevation 

zones within a catchment. The importance of accurately representing these elevation gradients for robust hydrological 

modelling is increasingly recognized. For example, Immerzeel et al. (2014) emphasized that observed temperature and 

precipitation lapse rates are often highly variable and critically affect glacio-hydrological simulations. Simplified assumptions 

can lead to considerable errors in water balance estimations. According to Zhang et al. (2015) all runoff components, including 75 

snowmelt, glacier melt and rainfall runoff, are sensitive to both temperature and precipitation lapse rates. For a Tibetan 

catchment, the authors demonstrated that accurately estimating these lapse rates could considerably improve snowmelt 

simulations. Similarly, Kumar et al. (2022) concluded that incorporating and calibrating elevation-dependent temperature and 

precipitation lapse rates in a hydrological model markedly improved water balance and streamflow simulations compared to 

omitting them or not calibrating them for a Himalayan river basin. Sensitivity analyses have also highlighted how the choice 80 

of PLR influences model simulations. Turpin et al. (2000) reported that simultaneously modifying the precipitation lapse rate 

(5% and 10%) and the upper limit above which precipitation increases with a different rate (800 m, 1400m, 1700m) can 

improve both snowpack and runoff simulation in the hydrological model HBV. They found that reducing the lapse rate 

to 5 % per 100 m and raising the upper limit elevation to 1700 m produced the most accurate simulations of snow-covered 

area while preserving or slightly improving runoff simulation performance. Some researchers have computed precipitation 85 

lapse rates from observational data for a given region and applied a constant value within the hydrological model (Gafurov et 

al., 2006; Zelelew and Alfredsen, 2013; Zhang et al., 2015), while others have used constant lapse rates that vary across certain 

elevation zones (Hegdahl et al., 2021; Ren et al., 2018). 

In most hydrological modelling setups, a constant, observed or empirical precipitation lapse rate is assigned a priori (Kobold 

and Brilly, 2006; Akhtar et al., 2009; Driessen, 2010; Geris et al., 2015; Pool et al., 2017, 2018; Girons Lopez et al., 2020a; 90 

Al-Safi and Sarukkalige, 2020; Esmaeili-Gisavandani et al., 2021; Pool et al., 2021; Budhathoki et al., 2023; Clerc-

Schwarzenbach et al., 2024, 2025). Even in large sample studies where catchments with considerably different physiographic 

characteristics are studied, a constant lapse rate is often prescribed (Clerc-Schwarzenbach et al., 2024; Clerc-Schwarzenbach 

and Do Nascimento, 2026; Hegdahl et al., 2021; Parajka et al., 2005). Thus, the relationship between mean daily precipitation 

and elevation is assumed to be linear and positive, and the impact of this modelling decision is overlooked. 95 

Based on the above, we here investigated how precipitation lapse rates influence runoff simulations and particularly floods in 

selected catchments with a complex topography, focusing on Switzerland with its prominently mountainous terrain including 
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the Alps and the Jura Mountains. To do so, we used a model chain with long, synthetic time series from a stochastic weather 

generator (GWEX) and a hydrological catchment model (HBV). Both model chain components involve a lapse rate. In the 

weather generator, the lapse rate is employed to adjust precipitation from station elevation to mean catchment elevation, while 100 

in the hydrological model the lapse rate is used to redistribute the mean areal precipitation inputs to the different elevation 

zones. We performed simulations by varying the lapse rates consistently in both components from 0% to 10%. Because the 

results of these simulations reflect the combined effect of both lapse rates, we further aim to isolate the sensitivity attributed 

solely to the lapse rate within the hydrological model by varying it between 0% and 10% while keeping the precipitation input 

fixed. This allows us to clarify its role, which is often overlooked in hydrological studies in mountainous regions. Thus, our 105 

primary objectives were: 

• To evaluate the sensitivity of flood estimates to variations of PLRs when applied in both precipitation interpolation 

and the hydrological model. 

• To evaluate the sensitivity of flood estimates to variations in the PLR parameter applied exclusively within the 

hydrological model. 110 

2 Study catchments and observational data 

2.1 Study catchments 

Simulations were performed for 27 Swiss catchments with different properties and flood regimes without major human 

alteration of runoff (Fig. 1). The size of the selected catchments varied between 21 km2 and 1702 km2, with mean elevations 

ranging from 596 m a.s.l. to 2,469 m a.s.l. The catchments belong to four large river basins that cover part of the Plateau, the 115 

pre-Alps, the Alps and the Southern Alps (Fig. 1) and all represent typical mountainous catchments.  

2.2 Observational data 

For this study, we derived meteorological and hydrological data from observational networks. Precipitation and temperature 

observations were available for 120 and 34 stations respectively at a daily scale for 1930–2019. These daily observations 

were supplemented by hourly data from 1990–2019.  120 

For each study catchment, hourly discharge observations were provided by the Federal Office for the Environment (FOEN). 

This dataset was used for hydrological model calibration and evaluation and spans from 6 to 96 years within the period 1923–

2019, with a median record length of 45 years.  
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Figure 1 Map of Switzerland with study catchments. The dark purple colour shows the catchments that were also fully modeled with 125 
HBV and their sub-catchments. Relief map: Swiss Federal Office of Topography. 

3 Methodology 

3.1 Simulation workflow 

Our approach is based on a modelling chain with long continuous simulations (CS). A multi-site stochastic weather generator 

(GWEX) (Evin et al., 2018, 2019) was parameterized based on the observational records and then used to produce 30,000 130 

years of synthetic precipitation and temperature time series at an hourly time step. In GWEX, the lapse rate is used to adjust 

precipitation for the elevation difference between stations and the mean catchment elevation prior to spatial interpolation to 

mean areal precipitation using Thiessen weights. We did this adjustment using 5 different lapse rates (PLR_WG: 0%, 2.5%, 

5%, 7.5%, 10% per 100m). That leads to five different MAP synthetic time series which serve as inputs to the bucket-type 

hydrological model HBV. 135 

HBV includes a precipitation lapse rate parameter that redistributes the precipitation amount across the catchment’s elevation 

zones (PLR_HBV). For any subsequent changes to the lapse rate value employed in the weather generator (PLR_WG), the 

same value was also used in the hydrological model (PLR_HBV) (see Fig. 2).  

The results of these simulations include the combined effect of PLR_WG and PLR_HBV as they were altered simultaneously. 

To explore the contribution of the internal lapse PLR_HBV, we performed a one-at-a-time sensitivity analysis. We used the 140 

MAP inputs adjusted with a 5% PLR_WG to perform simulations while varying only the internal lapse rate to 0%, 2.5%, 5%, 

7.5% and 10%. We do so because the combination of PLR_WG and PLR_HBV as 5% has been previously used for flood risk 

assessment (Kritidou et al., 2025, 2026; Staudinger et al., 2025; Viviroli et al., 2022) and serves as a baseline for comparison. 

Additionally, for the model calibration, PLR_WG and PLR_HBV were both set to 5%. For this experimental set-up, all other 

calibrated parameters remain the same and are derived from the 5% lapse rate. For all combinations of lapse rates, the annual 145 

maximum floods (AMFs) were extracted from the corresponding simulations, and a flood frequency analysis was performed.  
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3.2 Weather generator 

GWEX was used to generate long time series of precipitation and temperature, which served as inputs for HBV. GWEX is a 

multi-site, two-part stochastic weather generator (Evin et al., 2018) designed to reproduce the most important characteristics 

of precipitation at different spatial and temporal scales and focusing on extremes. For this reason, it has been used in previous 150 

studies for flood risk assessments (Kritidou et al., 2026; Staudinger et al., 2025; Viviroli et al., 2022). 

As a first step, GWEX is parameterized based on the daily weather observations (1930–2019) and relies on a two-state Markov 

chain (Wilks, 1998) to model the precipitation occurrence at a single site (station). The spatial structure (inter-site correlations) 

is modelled with an unobserved Gaussian process. The Extended Generalized Pareto Type III Distribution (EGPD) (Naveau 

et al., 2016) is used to generate the daily precipitation intensities at each site. The distribution provides a smooth transition 155 

between a gamma-like distribution and a heavy-tailed Generalized Pareto Distribution (GPD). This feature makes EGPD 

suitable to describe the upper tail behaviour of precipitation, associated with high rainfall intensities. A set of parameters is 

estimated for each month based on a 3-month window to account for the seasonality of precipitation characteristics, resulting 

in 12 parameter sets. Further details about GWEX properties can be found in Evin et al. (2019, 2018).  

The daily amounts generated with GWEX are then disaggregated to hourly values using the method of analogues on basis of 160 

hourly observations from 1990 to 2019 (see details in Evin et al., 2019, 2018; Kritidou et al., 2025; Staudinger et al., 2025; 

Viviroli et al., 2022). Analog days are selected within the same intensity and seasonality classes by comparing the daily 

precipitation field of each simulated day with that of 1990–2019. The best analogue day is then selected from a pool of 100 

analogues that are retained based on a distance criterion. 

Overall, GWEX generated 30,000 years of long time series (i.e., 30 scenarios of 1,000 years each) for each station on an hourly 165 

time scale. Precipitation at each station is individually treated with a lapse rate (PLR_WG) to adjust the data from station 

elevation to mean catchment elevation. Then, the adjusted precipitation station data are interpolated with Thiessen weights to 

determine mean areal precipitation (MAP). Here, we vary PLR_WG in a reasonable range (0%–10%) to explore its impact on 

runoff simulation.  

3.3 Hydrological model 170 

For the simulations, we used the hydrological catchment model HBV (Bergström, 1992; Seibert and Bergström, 2022) in the 

version HBV-light (Bergström, 1992; Seibert and Bergström, 2022; Seibert and Vis, 2012). HBV is a bucket-type model with 

four main routines: (i) snow, (ii) soil moisture, (iii) response (or groundwater), and (iv) routing. For catchments with a glacier 

cover of 1% or more, a glacier routine is included. The snow, soil and glacier routine are computed for each elevation and 

zone. For the simulations, a fixed MAP and a mean areal temperature were used as given by the weather generator. We used 175 

a warm-up period of 10 years. Table 1 shows the calibrated and fixed parameters (Staudinger et al., 2025; Viviroli et al., 2022) 

for each routine.  
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Table 1 Parameters of the HBV hydrological model. gw: groundwater. 
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Parameter Routine Description Unit Range 

TT Snow Threshold 

temperature  

[°C] -2.5 – 2.5 

CFMAX Snow degree-day factor [mm/(h°C)] 0.001 – 5  

SFCF Snow snow correction 

factor 

[–] 0.4 – 1.6 

CFR Snow Refreezing 

coefficient 
[–] 0.05 (fixed) 

CWH Snow Snow water holding 

capacity 

[–] 0.1 (fixed) 

FC Soil Maximum storage 

in soil box  

[mm] 50 – 1000 

LP Soil Threshold reduction [–] 0.3 – 1 

BETA Soil Shape coefficient [–] 1 – 5 

PERC Soil Max flow from 

upper to lower gw 

bucket 

[mm/h] 0 – 1  

Alpha Response Shape coefficient [–] 0 – 1  

K1 Response Recession 

coefficient (upper 

gw bucket) 

[h−1] 0.0001 – 0.1 

K2 Response Recession 

coefficient (lower 

gw bucket) 

[h−1] 0.00001 – 0.05 

MAXBAS Routing Factor of triangular 

weighting  

[h] 1 – 100 

KGmin Glacier Minimum outflow 

coefficient 
[h−1] 0.0001 – 0.2 

CFGlacier Glacier Correction factor 

glacier 
[–] 1 – 2  

KSI Glacier snow-to-ice 

conversion factor  

[h−1] 5 · 10-5 

RangeKG Glacier Max minus min 

outflow coefficient  

[h−1] 0 (fixed) 

CFSlope Glacier Correction factor 

slope 

[–] 1 (fixed) 
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PCALT Catchment Precipitation lapse 

rate  

[%/100m] 0, 2.5, 5, 7.5, 10 

TCALT Catchment Temperature lapse 

rate 

[°C/100m] Time series (see 

below) 

 

The model was calibrated for the 27 study catchments with the 5% PLR_WG and PLR_HBV using a genetic algorithm 180 

(Seibert, 2000), and the Nash-Sutcliffe efficiency (Nash and Sutcliffe, 1970) as objective function. To account for parameter 

uncertainty, each catchment was calibrated independently 100 times against observed discharge resulting in an ensemble of 

100 suitable parameter sets. However, due to the high computational cost of running simulations with long synthetic time 

series, we selected three representative parameter sets. These represent the lower, median, and higher range of flood responses, 

selected using a percentile-based approach (see Sikorska-Senoner et al., 2020 for details). Here, we present results based on 185 

the median parameter set for all PLR_WG and PLR_HBV. 

In the HBV model, the precipitation lapse rate is a model parameter, PCALT (%/100m), which redistributes precipitation to 

the different elevation zones, without altering the total precipitation amount. For our experimental setup, we altered only 

PCALT and kept all other parameters at the values obtained from calibrating the model using a 5% precipitation lapse rate. 

Recalibrating the model for each PCALT value would lead to compensation effects and is beyond the scope of this study. For 190 

temperature, we always used a specific lapse rate (TCALT [°C/100 m]) for each calendar day, computed from temperature 

observations. 

For our application, the snow routine is particularly important because it can compensate for systematic errors in the snowfall 

measurements and for the `missing' evaporation from the snowpack in the model. The extent of this compensation depends on 

the hypsography of a catchment (Staudinger et al., 2025). The threshold temperature is critical because it defines whether 195 

precipitation is simulated as snow or rain. When the air temperature is below the threshold temperature, precipitation is 

classified as snow and multiplied by a snowfall correction factor, SFCF [-]. Thus, we calculate the elevation h at which phase 

portioning occurs, i.e., the transition from rain to snow or vice versa, with 

ℎ = ℎ0  
100(𝑇0−𝑇𝑇)

𝑇𝐶𝐴𝐿𝑇
 1  

where h0 is the mean catchment elevation, T0 is the temperature at mean catchment elevation, TT is the threshold temperature, 200 

and TCALT is the temperature lapse rate. 

3.4 Flood frequency analysis 

Hydrological simulations were performed for all combinations of lapse rates mentioned in section 3.1. In total, we performed 

9 runs: 5 where PLR_WG and PLR_HBV were identical and another 4 where only PLR_HBV was varied and PLR_WG 

was kept at 5%. Then, for each scenario of 1000 years we extracted AMFs and assigned a return period. That led to 30 205 

estimates per return period up to 1000 years, which allows us to comprehensively compare flood estimates in terms of their 
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seasonality and magnitude as well as their corresponding dispersion. The combination of PLR_WG = PLR_HBV = 5% 

serves as a basis for comparison against the other PLRs (0%, 2.5%, 7.5%, 10%).  

3.5 Indicators for the influence of PLRs  

For our analysis, we used various indicators to compare our results and to understand the influence of the precipitation lapse 210 

rate. First, we used the flood seasonality ratio RF, which is defined as 

𝑅𝑓 =  
Q95(summer)

𝑄95(winter)
2 

 

where Q95(summer) represents the 95th percentile of the summer AMFs (April–September) and Q95(winter) the 95th percentile of 

the winter AMFs (October–March). For RF>1, summer floods are more severe than winter floods, and for RF<1 winter floods 215 

more severe than summer floods. Thus, by assessing how R F is changing (ΔRF) with PLR, we better understand if the 

catchments shift more to summer or winter floods.  

Second, we employed the confidence interval amplitude (CIA) (Equation 3) to assess the impact of PLR on the spread of 

simulated extremes. It is a normalized measure of uncertainty that has been used in previous studies (Arnaud et al., 2017; 

Kritidou et al., 2025) and is defined as 220 

𝐶𝐼𝐴  =  
𝑄95  −  𝑄5

𝑄50

3  

where Q95, Q5 and Q50represent the 95th, 5th and 50th percentile of discharge, respectively. 

Third, we used a redistribution index to quantify the impact of precipitation redistribution across elevation zones within the 

catchment as 

𝑅𝐼 =   ∑ [
𝐴𝑖

𝐴
· |𝐸𝑖 − 𝐸𝑚𝑒𝑎𝑛|]

𝑛

𝑖=1

4 225 

where Ai is the area of the elevation zone i, A is the catchment area, Ei is the elevation of the elevation zone i and Emean is 

the mean catchment elevation. 

Fourth, we calculate the sensitivity coefficient (elasticity) of runoff components to changes in precipitation resulting from 

variations in the precipitation lapse rate in GWEX (PLR_WG). This concept has been widely applied in hydrometeorological 

studies (Andréassian et al., 2016; He et al., 2025; Zhang et al., 2022) as it can evaluate the sensitivity of streamflow to 230 

changes in other climate variables, usually relative to the long-term mean of time series (Schaake, 1990). It has been widely 

used on annual and aggregated timescales (see Zhang et al. (2022)) for multi-annual timescales). Here, we focus on different 

runoff components on seasonal timescales. Thus, the sensitivity is given by: 
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𝜀 =  

𝑑𝑄
𝑄̅

𝑑𝑃
𝑃̅

 5 235 

 

where ε is the sensitivity coefficient of runoff Q to precipitation P, indicating that a 1 % change in P leads to an ε% change 

in Q. 𝑃̅, 𝑄̅ are the multi-year average precipitation and simulated runoff, respectively, both based on the baseline (PLR 5%). 

The operator d represents the difference between seasonal and average values. Therefore, ε is calculated as the slope of a 

linear regression line fitted to the seasonal data. It should be noted that, the multi-year average of the 5% lapse rate is used 240 

as the reference, as we are interested in assessing the percentage changes of streamflow resulting from the percentage changes 

in precipitation.  

Lastly, we introduce the coefficient of variation to quantify the variability in the frequency of occurrence of floods simulated 

with different lapse rates. To do so, we use the 30 AMFs corresponding to each return period and estimate their seasonality. 

For each PLR, we count how many of the events with the same return period occur in each month. Then, we calculate the 245 

coefficient of variation based on the number of occurrences across months, lapse rates and return periods. For a specific 

month (m) and return period (RP), the coefficient of variation is defined as 

𝐶𝑉𝑚,𝑅𝑃 =  
𝜎𝑚,𝑅𝑃

𝜇𝑚,𝑅𝑃
 6 

where m is the month of the year, σ is the standard deviation of the number of events frequency events in month m across the 

five PLRs, for a given return period and μ is the corresponding mean. Thus, the larger the CV, the larger the shift in the month 250 

of occurrence of the floods among the PLRs. Ultimately, for each catchment and RP we calculate the mean coefficient of 

variation, as the mean 𝐶𝑉𝑚,𝑅𝑃  across all months with at least one event.  
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Figure 2 Schematic representation of the methodological steps. P and T are precipitation and temperature, respectively. PLR_WG 

and PLR_HBV are the precipitation lapse rates employed in the weather generator and the hydrological model, respectively.  255 

4 Results  

4.1 Precipitation properties  

As a first step in the analysis, we calculated the number of stations at different elevation bands and the mean length of the 

observations based on the stations considered for each catchment. We also calculated the difference between the mean 

catchment elevation and the mean station elevation (ΔElevation), using Thiessen weights. The stations cover well elevation 260 

ranges between 500 and 1500 m a.s.l., whereas station density is sparse at higher regions (see Fig. 3b and Table 2). The 

relationship between differences in mean annual precipitation from the weather generator (computed with PLR_WG = 0%, 

2.5%, 7.5%, and 10% relative to the baseline 5%) and ΔElevation is illustrated in Fig. 3b for all catchments. Relative changes 

are positive for PLRs above 5% and negative for those below 5%. Changes in mean annual precipitation show a clear linear 

correlation with ΔElevation: catchments with a greater discrepancy between mean catchment elevation and mean station 265 

elevation show larger changes in annual precipitation, reaching values of up to ±40%.  

Generally, higher mean catchment elevations corresponded to larger discrepancies between mean station elevation and mean 

catchment elevation (Pearson’s r = 0.59 for the linear correlation, p<0.05). This relationship was affected by both the density 

    

    

                

  

    

   

  

    

      

                

     

             

              

https://doi.org/10.5194/egusphere-2026-2338
Preprint. Discussion started: 28 April 2026
c© Author(s) 2026. CC BY 4.0 License.



13 

 

of the network and the mean length of the observations. Catchments with smaller discrepancies between mean station elevation 

and mean catchment elevation tend to show longer mean record lengths (green points), while the opposite is true for catchments 270 

with larger discrepancies (light green and yellow points). In some cases, however, ΔElevation remains relatively small for 

catchments with a mean elevation of more than 2000 m a.s.l. because they are still well represented by stations or because only 

a few high-elevation stations are considered for small catchments. 

Table 2 Number of precipitation gauging stations per elevation band based on all catchments 

Number of stations Elevation range [m a.s.l.] 

15 <500 

39 500–1000 

30 1000–1500 

12 1500–2000 

6 >2000 

 275 

Figure 3 Relationship between elevation discrepancy (difference between mean catchment elevation and mean Thiessen-weighted 

station elevation), drawn against (a) the relative differences in mean annual precipitation of the baseline (5% lapse rate in GWEX) 

and the other four lapse rates examined (0%, 2.5%, 7.5% and 10%) and (b) mean catchment elevation of the corresponding 

catchment. The size indicates the number of stations per catchment and the colour the mean length of the observations from these 

stations 280 

4.2 Threshold elevation   

Precipitation and temperature lapse rates are crucial parameters because they influence both the amount and the form (rain or 

snow) of precipitation at different elevations within a catchment. Although, in reality, the rain snow partitioning depends in 

various atmospheric and topographic factors, in the HBV model, this is done by multiplying precipitation with the SFCF 
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parameter depending on the threshold temperature parameter (Table 1). We calculated the elevation above which precipitation 285 

falls as snow based on Equation 1 on a monthly scale (see Fig. 4 for two exemplary catchments, the Sarine and the Maggia). 

We call this threshold elevation. Note that negative threshold elevations are possible, indicating that the threshold elevation is 

very low (i.e., below sea level) and that snowfall occurs across the entire catchment. 

The threshold elevation is higher in summer and lower in winter, depending on air temperature. In January, for example, 

precipitation will on average be simulated as snow above an elevation of 800 m a.s.l. for the Sarine catchment and above nearly 290 

1000 m a.s.l. for the Maggia catchment. In July, when temperatures are higher, snowfall occurs only above 3500 m a.s.l. in 

both catchments (Fig. 4). 

We further estimated the area below the threshold elevation (Fig 4c), which represents the percentage of the catchment where 

precipitation is simulated as rain. Values above 50% indicate that the threshold elevation exceeds the mean catchment elevation 

and that precipitation is predominantly simulated as rain in most catchment elevation zones. Conversely, values below 50% 295 

indicate that precipitation is simulated as snow in most elevation zones. Fig. 4c shows the monthly pattern of the area below 

threshold elevation across all catchments. The smallest percentages occur during winter months, with most of the catchments 

showing almost no area below the threshold elevation. In these cases, even lower elevation zones will receive snow. However, 

snow at low elevations is usually wet. When the 0% lapse rate is applied (no redistribution of precipitation across elevations 

and therefore, in comparison to larger lapse rates, more precipitation in lower elevation zones) this leads to more direct 300 

snowmelt rather than snow accumulation and snowpack development during the winter season. During summer, the area below 

threshold elevation is zero for nearly all catchments, and thus precipitation is simulated as rain for almost the entire catchment. 

Lastly, a mixed pattern is observed in March, April and November, indicating that temperature rise and fall in combination 

with catchment elevation play a critical role in determining whether a given catchment receives predominantly snow or rain.  

 305 
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Figure 4 Monthly variation of the threshold elevation for two example catchments: (a) the Sarine and (b) the Maggia. The red dashed 

line indicates the maximum catchment elevation zone, while the orange and yellow lines indicate the mean and minimum elevation 

zones, respectively. For illustration purposes, one realization of 1000 years is shown. Thus, each boxplot s based on 1000 values (one 

per year) representing the monthly threshold elevation. Panel (c) shows the monthly variation in the percentage of the catchment 310 
area that is below the threshold elevation. The area below the threshold elevation has been calculated based on the mean threshold 

elevation over all 30 scenarios (see panels a and b for one scenario). Each point represents one catchment.  

4.3 Impact on runoff components 

To understand how sensitive catchments and runoff components are to changes in lapse rates in both the weather generator 

and the hydrological model, we computed the sensitivity of different runoff components to precipitation changes induced by 315 

varying lapse rates for different seasons. Fig. 5 shows how these sensitivity coefficients vary with elevation. The change in 

precipitation and runoff was estimated relative to the baseline runs, defined by a PLR of 5% both in the weather generator and 

the hydrological model. For total simulated runoff (Q_total; left panels), sensitivity is positive during all seasons, indicating 
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that increasing the PLRs leads to higher total runoff, whereas decreasing the PLRs leads to lower total runoff for most 

catchments (Fig. 6). Additionally, sensitivity was found to be negatively correlated to mean catchment elevation, indicating 320 

that lower-elevation catchments are more sensitive to changes in precipitation. 

Notably, precipitation has the strongest impact on total runoff in summer, with sensitivity coefficients ranging from 0.4 to 

almost 2. This indicates that, depending on the catchment, a 10% change in precipitation results in a 4–20% change in total 

runoff. Specifically, the sensitivity of rainfall runoff shows a stronger correlation with elevation than snowmelt and glacier 

runoff during the summer season. This correlation is very similar for all PLRs. Furthermore, the sensitivity coefficients of 325 

snowmelt do not differ significantly among PLRs, but they vary depending on the season and elevation. While small but 

positive sensitivity coefficients occur in winter and spring, they are close to zero in summer for almost all catchments. That 

suggests that precipitation change does not drive summer snowmelt. In autumn, more pronounced sensitivity coefficients 

(values above 1) are noted in lower elevation catchments, and they gradually decrease with increasing elevation. Hence, 

changes in PLRs are the dominant factor controlling changes in snowmelt runoff for lower-elevation catchments. The glacier 330 

melt runoff sensitivity coefficients were negative for almost all catchments and seasons, indicating that an increase in 

precipitation leads to a decrease in glacier melt runoff, whereas a decrease in precipitation leads to an increase in glacier melt 

runoff. Although the correlation with elevation is stronger in winter and spring, the results show an inverse correlation between 

small (<5%) and large PLRs (>5%). However, it is difficult to interpret the relationship between sensitivity coefficient and 

elevation, as the number of data points available is limited and the correlation is statistically not significant. 335 
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Figure 5 Sensitivity coefficient of total runoff, snowmelt runoff, rainfall runoff and glacier runoff in response to precipitation changes 

induced by varying PLRs, plotted against elevation for winter, spring, summer, and autumn. The sensitivity coefficients are 

calculated relative to the baseline, with a lapse rate of 5% for both GWEX and HBV. Each point represents one catchment.  

 340 

Figure 6 Changes in mean seasonal and annual runoff simulated under different PLRs relative to the baseline, with a lapse rate of 

5% for both GWEX and HBV. Colours indicate the mean elevation of the study catchments.  
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4.4 Impact on seasonality and magnitude of extremes 

Fig. 7 shows the percentage of flood events occurring per month (panels a and c) and their mean magnitude (panels b and d) 

for two example catchments. The percentages are calculated based on all 30,000 AMFs. As the PLRs decrease, the frequency 345 

of floods declines during summer and increases during winter and early spring (see also the mean flood date in Fig. S1). For 

almost all catchments, winter floods are predominant with the 0% PLR (green line in panels a, c). During winter and early 

spring (Dec–Apr), lower PLRs result in a higher percentage of flood events. Conversely, the frequency of events during the 

summer months is positively associated with higher PLRs. Regarding flood magnitude, there is a consistent positive 

relationship: higher PLRs result in larger mean AMFs throughout the entire year. Consequently, the largest floods occur when 350 

PLRs are highest (10%) and gradually decrease with the decrease of PLRs. 

To further understand this change in flood seasonality, we calculated the flood seasonality ratio (RF) from the AMFs simulated 

with all PLRs and then estimated the relative change (ΔRF) between the 5% (baseline) and the other PLRs. The majority of the 

catchments shifted towards summer floods (ΔRF > 0) as annual maximum precipitation increases, and towards more severe 

winter floods when annual maximum precipitation decreases (Fig. 7e). Specifically, we observed a positive correlation (r = 355 

0.40) between changes in mean annual maximum precipitation and the flood seasonality ratio RF (both calculated relative to 

the 5% PLRs). Smaller changes in the mean annual maximum precipitation and RF mostly occur in catchments with smaller 

ΔElevation (yellow points). This indicates that catchments with high ΔElevation tend to shift more towards winter or summer 

floods (darker points) when the lapse rate increases or decreases. 

 360 

Figure 7 Percentage of AMFs per month simulated with varying PLRs for the (a) Sarine and (b) Maggia catchments, and the 

corresponding mean magnitudes in panels (b) and (d) respectively. Panel (e) shows the relationship between the change in the flood 

seasonality ratio and the change in mean annual precipitation relative to the baseline. Each catchment is represented by four points, 

corresponding to relative changes from the baseline to the 0%, 2.5%, 7.5% and 10% PLRs. Point colours represent ΔElevation.  
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To further understand the effect of PLRs on flood generation mechanisms, we calculated the mean coefficient of variation 365 

(CV) of flood seasonality per return period. First, the CV was calculated for each catchment based on the number of events 

per month, return period, and lapse rate. These 12 coefficients were then used to calculate the mean CV per catchment (Fig. 

8). The boxplots illustrate a decrease in CV with return period, underscoring that the month in which frequent floods occur is 

highly variable in response to changes in PLRs, whereas variability decreases for larger return periods. This low variability in 

the seasonality of large floods – in combination with the finding that large floods occur in the summer season (Fig 7) – suggests 370 

that the large rainfall-driven events dominate during summer regardless of the chosen PLRs. Consequently, more frequent 

floods appear to be more sensitive to the changes in PLRs, whereas the mechanisms generating large floods appear to be less 

affected. 

 

Figure 8 Mean coefficient of variation of the seasonality of flood events for different return periods (10, 25, 50, 100, 300, and 1000 375 
years). 

4.5 Snow contribution 

The monthly variation in the contribution of snowmelt to simulated flood peaks varies across months and catchments when 

varying both PLRs (Fig. 9). We found that the model’s lapse rate is mainly responsible for the clear change in the seasonal 

pattern of snowmelt contribution because we achieved similar results when only PLR_HBV was varied. From November to 380 

February, the contribution of snowmelt to total runoff is inversely correlated to PLRs, with smaller PLR values leading to 

larger snowmelt contributions. In March and April, all PLRs show nearly identical snowmelt contributions. From May to 

September, the contribution of snowmelt becomes positively correlated with PLRs but gradually decreases.  

The inverse correlation observed during winter (November to February), where smaller PLRs lead to larger snowmelt 

contributions, is attributed to the spatial distribution of precipitation and snow accumulation. When small PLRs (e.g., 0% or 385 

2.5%) are applied, precipitation increases at lower elevations, and snow accumulation decreases at high elevations compared 
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to the higher PLRs. Snow at lower elevations, below the threshold elevation, is wet (Blanchet et al., 2009) and leads to 

snowmelt. This effect is apparent because in winter, a larger portion of the catchment receives snowfall (Fig. 4). 

In contrast, during late summer and early fall, when the threshold elevation moves to higher elevations (Fig. 4), snow 

contributes minimally to floods. The PLRs still are positively correlated with the snowmelt contribution, but the changes in 390 

mean values are small. Consequently, flood generation is dominated by high rainfall intensities. 

 

 

Figure 9 Mean fraction of runoff attributed to snowmelt per month. 

4.6 Uncertainty 395 

We then calculated uncertainty indicators to understand how the choice of PLR affects flood events across different return 

periods. The differences in medians, uncertainty ranges and confidence interval amplitudes (CIAs) between the AMFs from 

the baseline runs and those obtained with PLRs of 0%, 2.5%, 7.5% and 10% vary by return period and catchment (Fig. 10). 

Relative differences in median estimates and uncertainty ranges (Q95-Q05) are mostly negative when PLRs smaller than 5% 

were applied, whereas they are mostly positive when PLRs larger than 5% were applied. These relative differences are larger 400 

and more variable for PLRs of 0% and 10% compared to PLRs of 2.5% and 7.5%, and they show little variation with return 

period. In contrast, relative differences in the CIAs are larger for the 0% PLR compared to the other PLRs for nearly all return 

periods. Although these differences have a mean value close to zero, their variability decreases with increasing return period, 

indicating that the choice of the PLR has limited influence on the uncertainty of large floods.  
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 405 

Figure 10 Relative difference between AMFs from baseline runs and AMFs under different PLRs: (a) medians; (b) uncertainty 

range (Q95 − Q05) and (c) confidence interval amplitude, each for return periods of 100, 300 and 1000 years across catchments (one 

point in the box plot represents one catchment).  

4.7  The role of precipitation lapse rate in the hydrological model 

We further investigated the impact of the internal lapse rate on flood estimates by considering only different values of 410 

PLR_HBV. The seasonal pattern remains consistent with that observed when both PLRs are changed consistently in the 

weather generator and hydrological model (cf. Figs. 7a,b,c,d and Fig. S1 in the Supplement). The main difference lies in the 

flood magnitudes, which were not substantially altered because precipitation input amounts were identical for all simulations. 

To explain this pattern, we examined the relationship between the mean absolute relative change in AMFs and the redistribution 

index (RI), which quantifies the importance of the hydrological model’s precipitation redistribution across elevation zones 415 

within a catchment. For instance, the impact of a given lapse rate is expected to be smaller in a catchment with smaller elevation 

range ts compared to a catchment covering a larger elevation range. Consequently, the RI explains differences in simulated 

AMFs across the selected PLR_HBV values. Indeed, there is a clear linear positive relationship between RI and the mean 

relative change in AMFs (Fig. 11): catchments with a higher RI exhibit larger deviations in AMF compared to the 5% 

PLR_HBV. This relationship generally strengthens with increasing PLRs, but is strongest for the 7.5% PLR_HBV.  420 

Furthermore, the relative differences in medians, uncertainty ranges, and CIAs were smaller when only the model internal 

PLR_HBV was varied. Specifically, the differences of the medians range between -5 and 15%, while these differences vary 

between -50 to 80% when both PLR were altered, indicating that only a small percentage of change in magnitude of floods is 

attributed to the internal change of lapse rate. Notably, the changes in median for PLR_HBV are mostly positive for all return 

periods and lapse rates. This highlights that not only increasing but also decreasing the internal lapse rate in the hydrological 425 

model leads to increases in the magnitude of certain floods, most likely the winter events (Fig. 12).  
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Figure 11 Relationship between the redistribution index and the change in mean AMFs simulated with PLR_HBV relative to the 

baseline. Each point represents one catchment and PLR_HBV.  

 430 

Figure 12 Relative difference between AMFs from baseline runs and AMFs under different values of the internal lapse rate used in 

HBV (PLR_HBV), where the lapse rate used for the weather generator (PLR_WG) was kept at 5%): (a) median; (b) uncertainty 

range (Q95 − Q05) and (c) confidence interval amplitude, each for return periods of 100, 300 and 1000 years across catchments (one 

point in the box plot represents one catchment).  

5 Discussion 435 

5.1 Effect of the precipitation lapse rate in the weather generator  

The linear correlation between ΔElevation (mean catchment elevation minus the mean Thiessen-weighted station elevation) 

and differences in mean annual precipitation from the weather generator (calculated for 0%, 2.5%, 7.5%, and 10% relative to 

the baseline 5%) highlights the influence of the meteorological network on the generation of synthetic time series for each 
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catchment. In the weather generator, the lapse rate is applied to every station to adjust precipitation to the mean catchment 440 

elevation. When the mean catchment elevation deviates substantially from the elevations represented by the station network, 

the lapse rate adjustment amplifies precipitation discrepancies. These uncertainties are further modulated by station density 

and the length of the observational records used to parameterize the weather generator (see Kritidou et al. (2025) for details). 

In this context, it should be recalled that Switzerland is characterized by a dense meteorological station network, which covers 

intermediate elevations well, but underrepresents elevations above 1500 m a.s.l (Isotta et al., 2019; Viviroli et al., 2011). 445 

However, it should also be noted that ΔElevation decreases for catchments above 2500m, as some of these are small catchments 

with only a few high-elevation stations or are characterized by comparatively high station density.  

5.2 Impact on runoff components 

The sensitivity coefficients of the different runoff components show distinct seasonal and elevation-dependent patterns. The 

sensitivity coefficients of total simulated runoff were negatively correlated with elevation for all seasons and lapse rates: lower-450 

elevation catchments are more sensitive to changes in lapse rates, whereas higher-elevation catchments are less sensitive. This 

can be explained by the dynamics of snow accumulation and melt processes in catchments at higher elevations (Barrera et al., 

2020; Weiler et al., 2025) and the strong role of precipitation in snowpack variability above 1400 m a.s.l. (±200m) in the 

mountainous regions of Switzerland (Morán‐Tejeda et al., 2013). The variability of snowpack is, however, less straightforward 

to detect in the snowmelt component because of the varying lag time between the snowfall and its release from the snowpack, 455 

which ultimately contributes to streamflow (Schaefli et al., 2013). In addition to seasonal snow storage, high-elevation 

catchments may contain important subsurface water stores (Cochand et al., 2019; Somers and McKenzie, 2020; Staudinger et 

al., 2017; Weiler et al., 2025). As a result, they can exhibit more pronounced memory effects than lower-elevation catchments 

(Floriancic et al., 2024; Jenicek et al., 2016, 2018). However, it remains challenging to determine the extent to which this 

storage effect can compensate for decreases in snow or ice storage due to a different PLR and delay the release of runoff 460 

downstream (Hale et al., 2023). 

In winter, small lapse rates show higher sensitivity coefficients compared to larger ones. Precipitation contributes substantially 

to snowpack accumulation for lapse rates above 5%. However, for lapse rates below 5%, little or no snow accumulates at high 

elevations, and precipitation from lower elevations melts (Blanchet et al., 2009; Weiler et al., 2025) and increases the 

snowmelt. This is supported by the smaller area below the threshold elevation in winter (Fig. 4), as well as by the comparatively 465 

higher snowmelt fraction of the annual maxima (Fig. 9). A decrease in snowmelt with increasing precipitation has been 

associated with low or even negative elasticities (i.e., sensitivity of streamflow to changes in precipitation) in high-elevation 

catchments (Li et al., 2020). Additionally, wet antecedent conditions as maximum soil moisture (Pellet and Hauck, 2016), 

often coincide with snowmelt (Harpold and Molotch, 2015).  

In spring, the sensitivity coefficients of lapse rates and runoff components show high variability, reflecting the nonlinear 470 

responses of runoff to changes in precipitation (see also Fig. 6). An increase in the area below threshold elevation from March 

to May indicates a transition from more snow to more rain due to rising temperatures. At elevations below 1800 m a.s.l., lapse 
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rates lower than 5% generally exhibit smaller runoff sensitivity coefficients compared to those above 5%. This relationship 

reverses at higher elevations (> 1800 m a.s.l.) due to the increasing importance of snow accumulation.  

In summer, the sensitivity coefficients of all runoff components are relatively higher compared to other seasons, except for the 475 

glacier component. This is attributed to the strong seasonality of the catchments: most receive more precipitation in summer 

than in winter, often in the form of high-intensity events that generate direct runoff in both lower- and higher-elevation 

catchments. Weiler et al. (2025) found the highest weekly summer streamflow sensitivities to precipitation at high elevations 

in Switzerland, supporting our argument for a more direct runoff response. However, the authors found low sensitivities at 

lower-elevation catchments when calculated on a weekly basis, making a direct comparison with the seasonal values difficult. 480 

In summer, the lower elasticities observed for high-elevation catchments could be linked to higher soil moisture 

(Sankarasubramanian et al., 2001), which generally increases with elevation in Switzerland (up to 2000 m a.s.l.) (Pellet and 

Hauck, 2016), as well as to the key role of snow processes (Sankarasubramanian et al., 2001).  

In autumn, higher sensitivity coefficients are associated with higher precipitation lapse rates, extending to nearly 1800 m a.s.l. 

for both rainfall and snowmelt runoff. During this season, most of the precipitation falls as rain (Fig. 4). In November, some 485 

snowfall occurs, which melts rather quickly (Weiler et al., 2025) and likely increases the snowmelt contribution. As a result, 

lower-elevation catchments convert precipitation into direct runoff and show higher sensitivity to changes in lapse rate. 

Negative sensitivity coefficients for glacier runoff can be explained by the fact that glaciers are more sensitive to temperature 

changes than precipitation, especially in summer (Weiler et al., 2025). Strongly glaciated areas are associated with negative 

runoff responses, as only 30% of the amplitude in precipitation variability translates into runoff variability (Pohl et al., 2017). 490 

Additionally, snow protects the glacier from melting. More precipitation in the form of snow can therefore result in less glacier 

melt. Note that the number of glaciated catchments considered in our study is small, and that the relationship between 

sensitivity coefficients and elevation is not statistically significant. This limits our understanding of how changes in 

precipitation amount can affect the glacier melt runoff. 

These findings are further confirmed by the relative changes in simulated runoff per season (Fig 6). Depending on the season 495 

and lapse rate, seasonal runoff changes resulted in either additive or counteracting effects. Larger relative changes are attributed 

to the larger change in precipitation amount (0% and 10% PLR) and are also reflected in the uncertainties in annual maximum 

floods (Fig. 10). Although a systematic link between mean catchment elevation and the seasonal or annual relative change in 

runoff could not be identified, it is noteworthy that some of the high elevation catchments exhibit small relative changes, 

supporting our finding that they might be less sensitive to variation of the PLRs. In some catchments, an increase in 500 

precipitation in winter and spring even led to a decrease in simulated runoff (Fig. 6). This variable response of the different 

runoff components may be explained by changes in the snowfall fraction, an important indicator of changes in annual runoff 

(Barnhart et al., 2016; Berghuijs et al., 2014). These observations are consistent with prior modelling and empirical studies 

showing that snowpack accumulation and snowmelt respond differently to changes in precipitation magnitude depending on 

catchment characteristics (Barnhart et al., 2016; Knowles et al., 2006; Luce et al., 2014). In the Tarim River Basin, for instance, 505 

some streams were found to be more sensitive to precipitation, while others were more sensitive to temperature (He et al., 
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2025; Weiler et al., 2025). Although elevation was found to exert a major control on runoff‑component sensitivity, other 

climate variables (Tang et al., 2019; Zhang et al., 2022), temporal scales (Andréassian et al., 2016) and factors such as runoff 

coefficients (Hunt et al., 2023) or humidity index (Zhang et al., 2022) may also help explain the observed sensitivity 

coefficients. Sensitivity coefficients derived from hydrological simulations inherently reflect model complexities (Zhang et 510 

al., 2022). In our study, they represent the combined effects of the lapse rate adjustments in the weather generator and the 

hydrological model. 

5.3 Seasonality and magnitude of extremes 

A shift towards more winter floods occurred when the lapse rate was reduced below 5%, whereas higher lapse rates led to 

more summer floods (Fig. 7 and Fig. S2). In alpine catchments, the annual maximum flood typically occurs in summer due to 515 

high rainfall intensities, typically combined with a high snowline or additional melting processes (Muelchi et al., 2021), while 

winter represents the low-flow season (Brunner and Slater, 2022). Reducing the lapse rate increases the snowmelt contribution 

in winter (Fig. 9). This suggests that floods occurring in winter and early spring result from a combination of liquid 

precipitation and potential earlier snowmelt. In typical mountainous catchments, winter floods usually involve rain-on-snow 

processes, where antecedent snowmelt saturates the soils and even relatively low rainfall intensities can still produce floods 520 

(Beniston and Stoffel, 2016). These results are consistent with previous studies highlighting soil moisture as a key driver of 

flood generation mechanisms, indicating that precipitation alone cannot fully explain the observed changes in flood occurrence 

(Bales et al., 2006; Bertola et al., 2021; Harpold and Molotch, 2015; Wasko and Nathan, 2019). 

When only the internal lapse rate in the hydrological model was altered, the shift in flood seasonality was identical, whereas 

flood magnitudes did not change markedly. Winter floods under small lapse rates were comparable to, and in some cases even 525 

larger than, those under higher lapse rates. This underscores that changes in flood mechanisms arise from the model-internal 

adjustment of the lapse rate, and that these effects can be amplified depending on catchment characteristics (i.e., a high 

redistribution index; Fig. 11). Spring and summer floods are associated with a combination of high precipitation intensities 

and snowmelt. In our experimental setup, increasing the precipitation amounts fed into the hydrological model and 

redistributing them across elevation zones with a higher internal lapse rate resulted in greater snow accumulation at higher 530 

elevations. This snowpack is subsequently retained and melts during the summer months, with higher lapse rates leading to a 

larger snowmelt contribution (Fig. 9). This also explains why the 0% PLR produces most low-magnitude floods in winter, 

whereas in summer both flood frequency and magnitude increase linearly with PLR.  

While clear patterns of change have been detected for flood timing, changes in flood magnitude are strongly influenced by 

antecedent conditions, which determine the fraction of rainfall converted into direct runoff (Berghuijs et al., 2016; Nied et al., 535 

2017). From the two example catchments presented, we can hypothesize that snowmelt-dominated catchments (e.g., Sarine) 

are more sensitive to the change in lapse rate compared to rainfall-dominated catchments (e.g., Maggia) in both experimental 

set-ups. This may be explained by the strong influence of changes in precipitation phase (rain or snow), although other factors 

such as catchment size, topography, and total precipitation amount may also contribute to the observed changes in magnitude. 
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5.4 Uncertainty  540 

We grouped the annual maxima from all PLRs by return period and quantified the corresponding uncertainties relative to the 

baseline lapse rate (5%). A key strength of our approach is that we sample flood events derived from very long synthetic time 

series, which allows us to examine very rare extremes (up to 1000-year events) for each experiment that are not captured in 

the relatively short observed time series. Additionally, this comparative analysis allows us to better understand how certain 

choices in hydrological modelling studies influence runoff simulations and specifically the extremes.  545 

Both in the coupled change of PLR_GWEX and PLR_HBV and the isolated change of PLR_HBV, the CIA decreased with 

increasing PLR and return period. This may reflect changes in flood generation mechanisms. As discussed earlier, a reduction 

in PLR leads to a shift towards winter floods. These events are typically smaller in magnitude as precipitation input was altered 

and are therefore associated with smaller return periods. In contrast, large floods occur mainly in summer and correspond to 

higher return periods. Thus, adjustments to the lapse rate primarily affect flood events with smaller return periods, while larger 550 

events the flood-generating processes are less impacted. This finding aligns with the lower sensitivity of high-elevation 

catchments to changes in precipitation. However, higher-elevation catchments often show larger heterogeneity of landscape 

features than lower-elevation catchments and present higher heterogeneity of the flood-generating processes. For instance, 

snowmelt floods show higher variability in terms of durations compared to synoptic or flash floods (see Gaál et al. (2015) for 

details). Gaál et al. (2015) also reported that the similarity of flood generation processes, as determined by the consistency of 555 

flood peak-volume relationships, decreases with an increasing snow-to-precipitation ratios and stronger flood seasonality. 

Reducing the lapse rate weakens this seasonality, whereas increasing the lapse rate does not substantially alter it. In the winter 

months, the snow-to-precipitation ratio increases as the lapse rate decreases, suggesting greater process variability. This 

variability appears more relevant for decreasing lapse rates than increasing ones, and more relevant for lower- elevation 

catchments than for higher-elevation catchments. 560 

The variability of flood occurrence is larger for small return periods than for large return periods (Fig 8), indicating that changes 

in the lapse rate tend to change the seasonal timing of small floods, whereas large floods tend to retain their strong seasonal 

pattern. Snowmelt and rain-on-snow floods in low-elevation catchments can lead to highly variable hydrographs because 

moderate rainfall events may coincide with high baseflow generated (Gaál et al., 2015). Memory effects of hydrological 

systems may further contribute to this variability. For example, catchments dominated by summer floods and exhibiting strong 565 

seasonality show greater dependence between ensemble members than winter floods (Brunner and Slater, 2022). Ultimately, 

our findings emphasize the critical role of the lapse rate – both in the weather generator and in the hydrological model – in 

shaping flood seasonality and magnitude, and in influencing runoff generation processes. 
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5.5 Limitations  

5.5.1 Linear and positive lapse rate 570 

In this study, we varied the lapse rates, but always assumed them to be linear and positive. However, in topographically 

complex regions such as Switzerland, precipitation-elevation relationships are often non-monotonic, showing increasing-

decreasing patterns (He et al., 2025). Lapse rates vary within individual mountain regions (Pepin et al., 2022) and depend on 

season (Benoit et al., 2024), topography and atmospheric factors (Napoli et al., 2019). In the Alps, annual precipitation 

generally increases with elevation up to 800–1000 m a.s.l., after which a saturation-like behaviour in orographic enhancement 575 

is observed (Napoli et al., 2019). This saturation effect was also highlighted by Blanchet et al. (2009) for mean and maximum 

snowfall across Switzerland, while a reverse orographic effect was identified for short-duration annual maximum precipitation 

by Avanzi et al. (2015). Overall, only 15% of observed cases corresponded to a linear and positive lapse rate (Benoit et al., 

2024). Therefore, assuming a constant lapse rate is insufficient to describe the elevation-dependent orographic effects over the 

full simulation period (Hublart and Ruelland, 2016) and may lead to unrealistic flood simulations (Hingray et al., 2010; 580 

Legrand et al., 2024). The representation of precipitation-elevation dependency in this study is thus a simplification of the 

underlying physical processes. Future work should therefore aim to implement more flexible and regionally varying 

precipitation-elevation relationships in both the weather generator and the hydrological model, allowing for local gradients 

and small-scale variability.  

5.5.2 Precipitation input  585 

When interpreting the results, the uncertainties in precipitation input due to differences in network density and observation 

length should be kept in mind. As pointed out in the introduction, observational networks at high elevations are less dense than 

to those at lower elevations, making us “largely blind” about the conditions of these high-elevation regions (Dettinger, 2014). 

Uncertainties in precipitation products due to insufficient network density – including spatial, temporal and elevation-related 

uncertainties (Bertoncini and Pomeroy, 2025b) – propagate through hydrological models (Zhou et al., 2021b; Bárdossy et al., 590 

2022a; Bárdossy and Anwar, 2023; Stephens and Bledsoe, 2023; Zhou et al., 2021a) and may lead to under- or overestimation 

of runoff (Brunner and Slater, 2022), as well as amplification of extremes (Kritidou et al., 2025). Even for catchments with a 

representative station network, precipitation can account for up to 50% of uncertainty in runoff simulations (Bárdossy et al., 

2022b). Furthermore, the weather generator employed in this study is a powerful tool suitable for large river basins, but it is 

not designed to capture high-intensity, localized events that occur at sub-hourly resolution (Evin et al., 2019; Kritidou et al., 595 

2025, 2026; Viviroli et al., 2022). Despite their relevance for small alpine catchments, they are likely not reliably simulated.  
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5.5.3 Hydrological modelling 

Several sources of uncertainty in runoff simulations originate from the hydrological model. However, the plausibility of 

simulated extremes relies on the representation of hydrological processes and their drivers in the hydrological model. A critical 

component of these processes is the partitioning of precipitation into rain or snow. In the HBV model, precipitation at each 600 

elevation and vegetation zone is classified as either rain or snow using a threshold temperature, and the snowfall amount is 

subsequently multiplied by a snowfall correction factor, SFCF. This is a simplified conceptualization that does not account for 

a transition between precipitation phases and can lead to errors in the representation of spring snowmelt dynamics (Harder and 

Pomeroy, 2013; Mizukami et al., 2013). Recent efforts have been made to incorporate more complex phase partitioning 

methods (Jennings and Molotch, 2019; Singh et al., 2024) and more detailed descriptions of snow processes (Gallice et al., 605 

2016; Lehning et al., 2006; Quéno et al., 2024). For instance, Singh et al. 2024 found that moving from a static to a dynamically 

variable precipitation phase partitioning approach increased snowmelt contribution to runoff by 8%. Additionally, although 

we use a time-varying and regionally specific temperature lapse rate, a deterministic relationship between air temperature and 

precipitation phase is assumed in the hydrological model. Other factors, such as relative humidity, are not taken into account, 

potentially leading to errors in phase characterization for individual events and resulting in notable differences in flood 610 

simulations (Froidurot et al., 2014; Hingray et al., 2010).  

Although the parameters of the snow routine are useful for gauge undercatch correction (Staudinger et al., 2025) and for 

adapting to catchment snow processes (Ruelland, 2020), the extent to which these adjustments occur varies with catchment 

hypsography (see for example the influence of the redistribution index in Fig. 11). Adding more detail to the snow routine 

model structure did not markedly improve simulations of snow water equivalent and runoff when several mountainous 615 

catchments in Switzerland and Czeck Republic were examined (Girons Lopez et al., 2020b). However, context- and region- 

dependent adaptations would be valuable to understand the extent to which the parameters of the snow routine compensate for 

errors in precipitation inputs (Ruelland, 2020). This might be particularly critical for small alpine catchments. 

5.5.4 Methodological choices 

We applied a one-at-a-time sensitivity analysis, varying only the precipitation lapse parameter of the HBV model while keeping 620 

all other parameters constant. Although this is a valuable approach for isolating the impact of individual parameters on 

hydrological simulations, it does not capture the complex interactions and interdependencies between parameters, nor the 

compensation effects that would emerge if the hydrological model were recalibrated for each precipitation input. However, 

this exploration was beyond the scope of this study.  

We also performed our sensitivity analysis by using a benchmark for comparison. This benchmark is based on previous work 625 

that used the same modelling chain with a constant lapse rate and produced reasonable flood estimates. However, this approach 

was subject to some limitations and uncertainties, including under- or overestimation of floods in specific catchments. Thus, 

while we did not identify any “better” lapse rate with clear physical meaning for each catchment, we provide information on 
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how methodological choices influence the results. Given that most hydrological models represent complex processes in a 

simplified manner, some assumptions are unavoidable. However, further investigation is still needed to assess whether 630 

improved process understanding and representation could lead to practical guidance for improving precipitation lapse rates in 

hydrological models, or whether the limited length, representativeness and homogeneity of meteorological data are the main 

drivers for this lack of understanding. 

Furthermore, it should be noted that event selection based on annual maximum discharge can introduce bias, as events with 

wetter antecedent conditions may lead to spuriously large flood responses (Wasko and Guo, 2022). Although this introduces 635 

uncertainties related to rainfall-runoff response, it still sheds light on the underlying processes triggered by the choice of a 

specific lapse rate. 

Lastly, our study assumes a stationary climate. However, projected changes in precipitation characteristics in the Alps are 

expected to increase the risk of flash floods (Estermann et al., 2025) as well as rain-on-snow events (Beniston and Stoffel, 

2016). Of particular importance is the intensification of heavy precipitation events, as those events are critical for infrastructure 640 

safety (Prein et al., 2017; Vergara‐Temprado et al., 2021). 

6 Conclusions 

In this study, we explored the impact of precipitation lapse rate on runoff simulations, focusing on mean annual and seasonal 

runoff as well as annual maximum floods for several catchments in Switzerland. We focused on typical mountainous 

catchments, where lapse rates are key drivers of precipitation behaviour and where our understanding remains limited due to 645 

the spatiotemporal coverage of the station network. The simulations were performed by driving a hydrological model with 

long synthetic time series of precipitation from a stochastic weather generator. The lapse rate in the weather generator modifies 

the precipitation amounts, whereas the lapse rate in the hydrological model modifies the distribution of precipitation with 

elevation. 

We found that rain, snow, and glacier runoff components were sensitive to changes in the amount and distribution of 650 

precipitation within the catchment induced by changes in lapse rate. Overall, a 10% change in precipitation led to a 4–20% 

change in simulated runoff depending on the catchment, season, and lapse rate. Lower-elevation catchments showed a stronger 

sensitivity than higher-elevation ones. Lapse rates below 5% also led to more variable runoff responses than higher values. 

This variability was influenced by precipitation magnitude and by the redistribution index in the hydrological model.  

Changes in simulated flood seasonality were more influenced to a larger extent by the internal lapse rate in the hydrological 655 

model. However, changes in flood magnitude were mainly driven by changes in precipitation amount, influenced by the lapse 

rate in the weather generator. Lower lapse rates increased the snowmelt contribution and the number of floods in winter, 

whereas higher lapse rates increased the snowmelt contribution and the number of floods in summer. 

Furthermore, we found that the seasonality of frequent floods was more sensitive to the choice of precipitation lapse rate than 

of extreme, rare events, which tend to retain their strong seasonality. When both lapse rates were altered, the relative differences 660 
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in flood medians, uncertainty ranges, and confidence interval amplitudes compared to the baseline varied between -50% and 

70%, -55% and 80%, and-20% and-40%, respectively. When only the internal lapse rate was altered, the relative differences 

in flood medians, uncertainty ranges, and confidence interval amplitudes compared to the baseline varied between -5% and 

15%, -25% and 35%, and -25% and 30%, respectively, underscoring the influence of the amount of precipitation input.  

Overall, the runoff responses and their corresponding uncertainties highlight two distinct yet interacting controls: mean 665 

catchment precipitation and its redistribution within the hydrological model. The spatiotemporal coverage of the observation 

network influences these uncertainties and limits the understanding of the relationship between precipitation and elevation. 

Improvements would be expected from expanding current observation networks, but also from the use of weather radar data 

or remotely sensed snow-cover observations to calibrate and validate hydrological models. Additional valuable data sources 

would be glacier mass balance observations and inflow estimates for reservoirs. Future work should therefore focus on 670 

integrating such observations into hydrological modelling frameworks. 

Furthermore, our results highlight the need for a more realistic representation of precipitation dynamics in the hydrological 

models, particularly in regions where snow-to-rain transitions are important. The simplified assumptions of a linear, constant 

lapse rate, is commonly applied, even across catchments with different physiographic characteristics, but is often not critically 

evaluated in hydrological studies. Although our study relies on a synthetic experiment with modelling choices that strongly 675 

simplify snow-rain partitioning, it demonstrates the impact of these common assumptions on runoff simulations. We thus 

suggest that moving towards more flexible precipitation-elevation relationships may have important implications for 

understanding the water balance, in particular for high-elevation catchments. Future efforts are needed to integrate detailed 

snowpack models and precipitation phase-partitioning approaches to better distinguish between rain and snow and to quantify 

their relative contributions to simulated runoff. 680 

Ultimately, our results highlight methodological constraints, representing a first step towards model improvement and 

contributing to a broader scientific discourse. Such improvements would be important to support decision-making related to 

reservoir storage, downstream agricultural irrigation, and flood risk management. This is because the value of hydrological 

models is not limited to their ability to provide reliable runoff simulations but also lies in the systematic examination of 

associated uncertainties. Our results may also be transferable to other regions with similar climatological conditions; however, 685 

it should be kept in mind that the framework used here is governed by additional factors, including precipitation magnitude 

and seasonality as well as topographic characteristics. 

Code and data availability 

Code used in this project and resulting data can be obtained from the first author upon reasonable request. The links to the 

meteorological data, discharge observations, weather generator, and hydrological model are provided below. However, the 690 

very large volume of data produced in this study, combined with the complex data organization across collaborating groups, 

makes it difficult to make all datasets publicly accessible. Likewise, the code used for data processing, post-processing, 
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modelling, and evaluation consists of numerous partially interdependent components that have been developed and adapted 

over the last years. Preparing these workflows for public release would require extensive curation, documentation, and 

generalization, efforts that are beyond the available resources for the current study. Together with the federal offices funding 695 

the project, work has been initiated to curate selected datasets for a public database, but the substantial effort involved means 

that these will not be available in the near future. 

 

The meteorological data from MeteoSwiss: 

https://github.com/MeteoSwiss/opendata/blob/main/README.md 700 

 

The discharge data from the Federal Office fort he Environment: 

https://www.bafu.admin.ch/de/datenservice-hydrologie-fuer-fliessgewaesser-und-seen 

 

The weather generator: 705 

https://cran.r-project.org/web/packages/GWEX/GWEX.pdf 

 

The HBV model: 

https://www.geo.uzh.ch/en/units/h2k/Services/HBV-Model/HBV-Download.html 
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