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Abstract. This data paper introduces Caravan-CMIP6, a dataset of climate change projections for large-sample hydrologic 

studies. Caravan-CMIP6 includes projections from an ensemble of 12 climate models from the sixth Coupled Model 

Intercomparison Project (CMIP6), for the historical experiment (1850-2014) and three Shared Socio-economic Pathways 

(SSPs). The dataset includes projections for all catchments within ten large-sample hydrometeorological datasets: Caravan, 10 

CAMELS, CAMELS-AUS-v2, CAMELS-BR, CAMELS-CH CAMELS-CL, CAMELS-COL, CAMELS-DE, CAMELS-

GB-v2, CAMELS-IND. For each large-sample hydrometeorological dataset, I provide CMIP6 projections for all 

meteorological variables that can be readily extracted from climate models, including precipitation, temperature, 

evapotranspiration, humidity, radiation, pressure, and wind speed. I bias-correct the climate model output to match the 

observed climatology within each dataset. This dataset can facilitate the use of large-sample hydrologic datasets and models 15 

for climate change projection. All raw and bias-corrected data are available at https://doi.org/10.20383/103.01644. 

 

Short Summary: Caravan-CMIP6 provides climate change projections of weather for many rivers worldwide. Using 

Caravan-CMIP6, researchers will be able to use existing hydrologic models, which are calibrated on historical data, to 

predict future river flows under three climate change scenarios. 20 

1 Introduction 

Large-sample hydrometeorological datasets (herein referred to as LSH datasets) have significantly advanced the field of 

hydrology in recent years. These datasets include streamflow, catchment characteristics, and meteorological data for 

typically hundreds or thousands of catchments. They have enabled highly skilled hydrologic predictions, hydrologic model 

intercomparison studies, investigations of modelling best-practices, and large-scale analyses of hydrologic processes 25 

(Arsenault et al., 2023; Berghuijs et al., 2025; Brunner et al., 2025; Feng et al., 2022; Kraft et al., 2025; Kratzert et al. , 2019; 

Lees et al., 2021; Ruzzante et al., 2026; Shen et al., 2022).  

Since the development of the first CAMELS dataset for the United States (Addor et al., 2017; Newman et al., 2015), others 

have extended the concept in various ways: (i) creating datasets for new locations (e.g, Alvarez-Garreton et al., 2018) (ii) 
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including sub-daily streamflow and meteorology (e.g, Tran et al., 2025), (iii) including water quality data (e.g, do 30 

Nascimento et al., 2025), (iv) including spatially distributed meteorology (e.g., Knoben et al., 2025), and  

(v) including short-range meteorological forecasts (Shalev and Kratzert, 2024). Since LSH datasets often focus on near-

natural catchments with long time series of high-quality streamflow data, they have significant potential to be used for 

climate change studies. Some authors have used the CAMELS and HYSETS databases (Addor et al., 2017; Arsenault et al., 

2020; Newman et al., 2015) to evaluate the suitability of models and approaches to simulate climate change impacts 35 

(Dallaire et al., 2021; Feng et al., 2023; Martel et al., 2025; Rahimpour Asenjan et al., 2023) and also to predict responses to 

climate change (Castaneda-Gonzalez et al., 2023b, a; Chen et al., 2023; Wu et al., 2022). However, climate model 

projections from the sixth Climate Model Intercomparison Project (CMIP6) have not been compiled and made available for 

most CAMELS-style datasets. 

Here I present bias-corrected CMIP6 climate model projections for the Caravan dataset and nine CAMELS-style datasets. A 40 

full set of relevant hydrometeorological parameters from CMIP6 models are bias-corrected to match the 

hydrometeorological data in each LSH dataset, including precipitation, air temperature (mean, maximum, and minimum), 

potential and actual evapotranspiration (Penman-Monteith, Hargreaves, Priestly-Taylor, and Morton estimates), atmospheric 

pressure, shortwave and longwave radiation, wind speed, and humidity (relative humidity, dewpoint temperature, and vapour 

pressure).  45 

This set of climate model projections can enable several avenues of inquiry. First, for individual users of these datasets it will 

significantly reduce the barrier-to-entry to project flows under climate change. Extracting climate model projections and 

bias-correcting them requires some technical knowledge that not all hydrologists possess, or need to possess. The 

computation required for this is also expensive, in terms of storage (tens of TB) and processing time (hundreds of CPU-

equivalent years), which not all researchers have access to, and which generates substantial climate-warming emissions. 50 

Second, I anticipate that this dataset will enable model intercomparison studies to examine how different model structures 

translate into differences in projected future conditions. 

2 Methods 

2.1 Large-Sample Hydrology datasets 

I produce bias-corrected CMIP6 ensembles for the Caravan dataset (including all extensions as of 15 November, 2025) 55 

(Kratzert et al., 2023), as well as CAMELS (Addor et al., 2017; Newman et al., 2015), CAMELS-AUS-v2 (Fowler et al., 

2025), CAMELS-BR (Chagas et al., 2020), CAMELS-CH (Höge et al., 2023), CAMELS-CL (Alvarez-Garreton et al., 

2018), CAMELS-COL (Jimenez et al., 2025), CAMELS-DE (Loritz et al., 2024), CAMELS-GB-v2 (Coxon et al., 2025), 

CAMELS-IND (Mangukiya et al., 2025).  Table S1 lists these datasets along with the meteorological data included by each.  
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It is only possible to bias-correct meteorological variables that are reported by CMIP6 models, or which can be derived from 60 

CMIP6 model data. This includes air temperature, precipitation, relative humidity, air pressure, wind speed, and radiation 

variables. 

I therefore must exclude some variables included in some of the CAMELS datasets. These variables include soil moisture 

(eg. Kratzert et al., 2023; Mangukiya et al., 2025), actual evapotranspiration (eg. Höge et al., 2023; Mangukiya et al., 2025) 

except by the algorithm developed by Morton (1983), potential evapotranspiration with corrections for interception (eg. 65 

Coxon et al., 2025; Höge et al., 2023; Mangukiya et al., 2025), relative sun duration (Höge et al., 2023), and relative 

humidity at the time of maximum/minimum temperature (Fowler et al., 2025).  

Snow-water equivalent is reported by some climate models, and is also included in Caravan (Kratzert et al., 2023). However, 

the ERA5-Land data from which Caravan is extracted represents glaciers as a snow-water equivalent of 10 m (Muñoz 

Sabater, 2019), and the classification of glacier cover contains some temporal discontinuities. This leads to discontinuities in 70 

the Caravan snow-water equivalent data for some glaciated catchments. These discontinuities cause instabilities in the bias 

correction algorithm, so I excluded this variable. 

It is also not possible to provide spatial medians, minimums, maximums, or standard deviations (eg. Loritz et al., 2024) since 

the CMIP6 models are provided on very coarse-resolution grids (50 km to 500 km), such that some catchments fall entirely 

within one grid cell.  75 

2.1 Ensemble Selection 

The CMIP6 models included in this dataset are listed in Table 1. The models were chosen following Mahony et al. (2022), 

with some modifications made. I required each model and variant to report nine variables (variable abbreviations and 

definitions are provided in the appendix):  

- Precipitation: pr 80 

- Mean temperature: tas 

- Maximum temperature: tasmax 

- Minimum temperature: tasmin 

- Relative humidity: hurs 

- Pressure: ps OR psl 85 

- Wind speed: (uas AND vas) OR sfcWind 

- Shortwave radiation: (rsds AND rsus) OR rss 

- Longwave radiation: (rlds AND rlus) OR rls 

I also required each model and variant to report results for the historical experiment and at least two of the three scenarios 

(ssp126, ssp245, and ssp585). 90 

With these constraints I made the following modifications to the ensemble selected by Mahony et al. (2022): 

- GFDL-CM4 was substituted for GFDL-ESM4 because the latter is missing rsus and rlus variables.  
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- BCC-CSM2-MR was removed because it is missing hurs. 

- CNRM-CM6-1-HR was substituted for CNRM-ESM2-1 because the latter was missing rsus. 

- GISS-E2-1-G was removed because it is missing rsus, rlus, psl, ps, hurs, uas, and vas 95 

- No models built on the widely-used and respected Community Earth System Model (CESM) (Hurrell et al., 2013) 

were included by Mahony et al. (2022) because at that time these models were missing tasmin and tasmax. I 

included TaiESM1, which is built on CESM and reports a full suite of variables. 

Figure 1 shows the global average temperature rise above preindustrial conditions (1850-1899) for each model. CMIP6 

includes a number of models that are ‘too hot’: they have Equilibrium Climate Sensitivities (ECS) and Transient Climate 100 

Responses (TCR) above the ranges that have been assessed from multiple lines of evidence (Hausfather et al., 2022; 

Sherwood et al., 2020). For ECS these ranges are 2⁰C-5⁰C (very likely) and of 2.5C-4⁰C (likely). For TCR the ranges are 

1.2C-2.4⁰C (very likely) and 1.4C-2.2⁰C (likely). 

At least four approaches have been proposed to deal with the ‘hot model problem’: 

1) Base projections on global warming levels rather than scenarios (Bevacqua et al., 2026; Hausfather et al., 2022; 105 

James et al., 2017). The full ensemble can then be used. In Table 1 below I provide 30-year periods for each model 

for which the average global warming above preindustrial levels is equal to 1.5⁰C, 2⁰C, 3⁰C, and 4⁰C. These year 

ranges are based on the ssp585 scenario. This is the recommended approach if the warming trajectory is not of 

concern (Hausfather et al., 2022). 

2) Remove models whose ECS lies outside the likely range of 2.5C-4⁰C range or outside the very likely range of 2⁰C-110 

5⁰C (Hausfather et al., 2022; Mahony et al., 2022). In this ensemble five models fall within the likely range (bold 

and underlined in Table 1) and nine within the very likely range (bold). 

3) Remove models whose transient climate response (TCR) lies outside the likely range of 1.4C-2.2⁰C range or outside 

the very likely range of 1.2⁰C-2.4⁰C (Hausfather et al., 2022). In this ensemble the inclusion/exclusion criteria are 

identical to those derived from the ECS ranges except for CNRM-CM6-1-HR (within ‘very likely’ range of ECS, 115 

above ‘very likely’ range of TCR), and INM-CM5-0 (below ‘very likely’ range of ECS, within ‘likely’ range of 

TCR. The likely and very likely ranges are bolded and underlined in the same manner as the ECS values in Table 1. 

4) Use all models but weight model projections to match the assessed distribution of ECS (Cannon, 2024b). Here I 

provide weights that satisfy this condition following the strategy proposed by Cannon, (2024b). 

 120 

Table 1: Ensemble of 12 CMIP6 models included in Caravan-CMIP6, along with their equilibrium climate sensitivity (ECS) and 

transient climate response (TCR). N is the number of variants included. The following four columns indicate 30-year periods for 

which the global mean temperature rise first exceeds each temperature threshold. Weights are also provided if users wish to 

weight projections to match the assessed distribution of ECS (Cannon, 2024b). 

Source ID ECS TCR N 1.5⁰C 2⁰C 3⁰C 4⁰C Weights Citation 

ACCESS- 3.88 1.97 10 2006-2035 2016-2045 2035-2064 2052-2081 0.14 (Ziehn et 
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ESM1-5 al., 2020) 

CNRM-

CM6-1-HR 

4.34 2.46 1 2004-2033 2016-2045 2036-2065 2052-2081 0.02 (Voldoire 

et al., 

2019) 

CanESM5 5.64 2.71 10 1993-2022 2003-2032 2022-2051 2037-2066 0.02 (Swart et 

al., 2019) 

EC-Earth3 4.26 2.3 3 2006-2035 2021-2050 2040-2069 2055-2084 0.03 (Döscher 

et al., 

2022) 

GFDL-

CM4 

3.89 2.00 1 2015-2044 2026-2055 2046-2075 2064-2093 0.13 (Held et 

al., 2019) 

INM-CM5-

0 

1.92 1.41 1 2017-2046 2032-2061 2060-2089 2097-2100 0.01 (Volodin 

and 

Gritsun, 

2018) 

IPSL-

CM6A-LR 

4.70 2.35 6 1993-2022 2005-2034 2023-2052 2038-2067 0.03 (Boucher 

et al., 

2020) 

MIROC6         2.60 1.55 3 2025-2054 2038-2067 2059-2088 2089-2100 0.25 (Tatebe et 

al., 2019) 

MPI-

ESM1-2-

HR 

2.98 1.64 1 2018-2047 2034-2063 2059-2088 2085-2100 0.19 (Mauritsen 

et al., 

2019) 

MRI-

ESM2-0 

3.13 1.67 5 2012-2041 2024-2053 2048-2077 2069-2098 0.14 (Yukimoto 

et al., 

2019) 

TaiESM1 4.36 2.27 1 2007-2036 2015-2044 2029-2058 2041-2070 0.02 (Lee et al., 

2020) 

UKESM1-

0-LL 

5.36 2.77 5 2006-2035 2016-2045 2032-2061 2046-2075 0.02 (Sellar et 

al., 2019) 

 125 
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Figure 1: Global mean temperature rise predicted by each model in the ensemble, relative to preindustrial conditions (1850-1899). 

All variants from each model are plotted. 

2.2 Raw CMIP6 model output extraction 

I extract the raw data from each CMIP6 raster dataset using the basin polygons from each CAMELS dataset and the extract 130 

function in the R package terra (Hijmans et al., 2026). I take the average of all grid cells partially or full covered by each 

basin polygon weighted by the percentage overlap. 

2.3 Bias Correction 

For each LSH dataset I bias-correct climate model output to match meteorological observations from 1981-2010 using 

Quantile Delta Mapping (QDM) from the MBC R package (Cannon, 2024a; Cannon et al., 2015).  Following Cannon et al. 135 

(2022) the bias correction is applied using sliding windows both within and across years. I use 30-year sliding windows from 

1850 to 2014 (historical experiment) and 2015 to 2100 (ssp126, ssp245, and ssp585 scenarios), replacing the central 10 years 

within each 30-year window. To preserve the seasonality of the observed meteorological data, I divide the year into 24 ‘half-

months’. I bias correct each half month separately, using a sliding window of three half months. The first half of each month 

is always defined as the first 15 days regardless of the length of the month or the calendar used by each climate model. 140 

I bias-correct temperature, relative humidity, pressure, and dewpoint temperature as interval quantities (preserving absolute 

changes in the projections) and precipitation, wind speed, vapour pressure, potential evapotranspiration, and net solar 
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radiation as ratio quantities (preserving relative changes). Net thermal (longwave) radiation can be negative or positive, so it 

was necessary to treat this as an interval quantity. 

The bias-correction has the potential to introduce a small number of unrealistic or  impossible values. I impose the following 145 

limits on the bias-corrected data: 

Relative humidity is constrained between 0% and 100 %, vapour pressure is constrained to be less than the saturation vapour 

pressure at the daily mean temperature, and dewpoint temperature is constrained to be less than or equal to the daily mean 

temperature. 

The daily minimum temperature must be less than or equal to the daily mean temperature, and the daily maximum 150 

temperature must greater than or equal to the daily mean temperature. For datasets with only minimum and maximum 

temperature, the minimum temperature must be less than or equal to the maximum temperature. 

For solar radiation variables (rsds and rss) the values are limited to 1400 W m-2, which is approximately the maximum 

possible extraterrestrial radiation at the top of the atmosphere (Allen et al., 1998). 

Precipitation is limited to 3476.7 mm/day, which is the maximum value that can be stored as a signed 16-bit integer with the 155 

scaling settings used here. This is approximately 1.8 times larger than the world record 24-hour point precipitation recorded 

at Foc-Foc on 26 January 1966 (Cerveny et al., 2007). 

2.3.1 Transformations of raw climate model outputs 

The climate model output variables are not always provided in the same form as the variables provided in the observed 

meteorological data, or are not in the optimal form for bias correction. Several transformations of the raw climate model 160 

output are therefore applied prior to bias correction. These transformations are applied to the raw basin-averaged outputs. 

Following Thrasher et al. (2012), to preserve physically realistic relationships between mean, maximum, and minimum daily 

air temperature (tas, tasmax, and tasmin), the mean temperature is first bias corrected and the differences are then bias 

corrected: 

tasmaxdiff = tasmax − tas                                                                               (1) 165 

 tasmindiff = tasmin − tas                                                                               (2) 

The bias-corrected maximum and minimum temperatures are then recalculated: 

 tasmax̂ = taŝ + tasmaxdiff̂                                                                                (3) 

 tasmin̂ = taŝ + tasmindiff̂                                                                                (4) 

 170 

Where the hat accent denotes a bias-corrected value. 

For datasets that only provide tasmin and tasmax, tasmax and the diurnal range are bias corrected and tasmin is calculated by 

subtracting the diurnal range from the maximum temperature.  

Within the climate models net surface shortwave (rss) and longwave radiation (rls) and not always provided, so they are 

calculated as the difference between downwelling (rsds and rlds) and upwelling (rsus and rlus) components: 175 
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rss = rsds − rsus                                                                                (5) 

 rls = rlds − rlus                                                                               (6) 

Shortwave and longwave radiation are considered equivalent to solar and thermal radiation, respectively. 

The dewpoint temperature tdps is calculated using the August-Roche-Magnus approximation, based on tas and relative 

humidity (hurs) (Alduchov and Eskridge, 1996): 180 

tdps = B ∙
log(

ℎ𝑢𝑟𝑠

100
)+

A∙tasC

B+tasC

A−log(
hurs

100
)−

A∙tasC

B+tasC

+ 273.15  [K]                                                         (7) 

where: 

tasC = tas − 273.15                                                                                (8) 

 A = 17.625                                                                                       (9) 

B = 243.04                                                                                     (10) 185 

Where surface pressure ps is not reported, the surface pressure is calculated based on the US standard atmosphere (National 

Oceanic and Atmospheric Administration et al., 1976), given pressure at sea level (psl), the temperature at the surface (tas) 

and the basin elevation h in the climate model grid.  

𝑝𝑠 = 𝑝𝑠𝑙 ∗ (
𝑡𝑎𝑠−ℎ∗𝐿

𝑡𝑎𝑠
)

𝑔∗𝑀0
𝑅∗𝐿 

 [𝑃𝑎]                                                                             (11) 

Where: 190 

𝐿 = −0.0065 [𝐾 𝑚−1]                                                                               (12) 

𝑔 = 9.80665 [𝑚 𝑠−2]                                                                               (13) 

𝑀0 = 28.9644 [
𝑘𝑔

𝑘𝑚𝑜𝑙
]                                                                               (14) 

𝑅 = 8.31432 ∗ 103  [
𝑁∙𝑚

𝑘𝑚𝑜𝑙·𝐾
]                                                                               (15) 

 195 

To derive the basin elevation h, first the MERIT digital elevation model (Hengl, 2018; Yamazaki et al., 2017) was 

reprojected to the coordinate system and resolution of each climate model grid, then the elevation was extracted using the 

basin polygons. 

The near-surface wind speed (sfcWind) is calculated from the eastward and northward components (uas and vas): 

sfcWind =  √uas2 + vas2  [𝑚 𝑠−1]                                                                               (16) 200 

Although uas and vas are included in some of the observed meteorological datasets (eg. ERA5-Land), bias correcting these 

variables presents a problem. Wind speed is best treated as a ratio variable for bias correction (Cannon, 2018), but uas and 

vas can have negative and positive values, which would require treating them as interval variables. This would preserve 

absolute changes in wind speed from the climate models, regardless of whether a specific catchment is generally windier or 

calmer than the wind speed from the climate model. Bias correcting the wind speed magnitude as a ratio variable, and thus 205 

preserving relative changes in wind speed, is thus preferable.  
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The Penman-Monteith Evapotranspiration (petfao56) is calculated using the FAO-56 formulation (Allen et al., 1998) by 

adapting code from (Singer et al., 2021): 

petfao56 =
(

Δ

λ
∗(rNet−G) +γ∗(

900

tas
)∗sfcWind.2m∗

vpSat

103 ∗hurs)

Δ+γ∗(1+0.34∗sfcWind.2m)
 [mm day−1]                                (17) 

Where: 210 

λ = 2.45 MJ kg−1                                                                               (18) 

is the latent heat of vaporization at 20°C. 

γ =
1.013∗10−3∗ps

0.622∗λ
                                                                                (19) 

is the psychrometric constant at pressure ps. 

Δ =
4098∗vpSat

(tasC+237.3)2                                                                               (20) 215 

is the slope of the saturation vapour pressure curve. 

G = 0 is the soil heat flux, assumed to be zero following equation 42 in (Allen et al., 1998). 

sfcWind. 2m = sfcWind ∗
4.87

log(67.8 ∗ 10 − 5.42)
                                                      (21) 

is the wind speed at 2m above the surface in m s-1. 

vpSat = 610.8 ∗ exp (
(17.27∗tasC)

tasC+237.3
)                                                           (22) 220 

 is the saturation vapour pressure in Pa. 

rNet = (rss + rls) ∗ 86400 [
s

day
] ∗ 10−6 [

MJ

J
]                                                      (23) 

is the sum of shortwave and longwave radiation in MJ m-2: 

Hargreaves’ potential evapotranspiration is calculated according to the formula provided by Hargreaves and Samani, (1985): 

petharg = 0.0023 ∗ RA ∗ (tasmax − tasmin)0.5 ∗ (tasC + 17.8)                                             (24) 225 

Where tasmax, tasmin, and tasC are defined above and RA is the extraterrestrial radiation, calculated based on latitude, 

according to equations 21-25 in Allen et al., (1998). 

Priestly-Taylor potential evapotranspiration is calculated using the same formula as (Miralles et al., 2011), which is the 

dataset used for CAMELS-IND (Mangukiya et al., 2025): 

petpriestly =
1

λ
∗ α ∗

Δ

Δ+γ
∗ (rNet − G) [mm day−1]                                        (25) 230 

I assume G =  0 and α = 1, while Miralles et al. (2011) set α to either 0.8 or 1.26 and set G to a fraction of rNet, both 

depending on land cover. The bias correction that I apply to petpriestly will correct for the scaling differences that arise 

from differences in α and G. 

 

Morton’s point potential evapotranspiration, wet-environment potential evapotranspiration, and areal actual 235 

evapotranspiration are calculated according to the procedure outlined by Morton (1983) as modified by Zajaczkowski and 
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Jeffrey (2020) for the Scientific Information for Land Owners dataset used by CAMELS-AUS-v2 (Fowler et al., 2025). 

However, Zajaczkowski and Jeffrey (2020) calculated net radiation using cloud oktas, sunshine hours duration, and 

extraterrestrial radiation. Since I did not download cloud cover variables the CMIP6 models, I calculated net radiation as the 

sum of shortwave and longwave radiation.  240 

2.3.2 Computational resources 

Bias-correction was the most computationally expensive portion of this project. Overall, the project consumed approximately 

2300 CPU-core-days, distributed over four high-performance computing centres maintained by the Digital Research Alliance 

of Canada. Because of the relatively large size of the datasets, the project also required a large amount of working memory 

(846 TB-days). Based on CPU-core-equivalent days (which track both CPU and memory usage), I estimate this project is 245 

responsible for approximately 1.7 tonnes of CO2-equivalent emissions, or a little over two round-trip flights from New York 

to London. See Appendix C for details. 

3 Preservation of changes in means and extreme values 

Quantile delta mapping is designed to preserve the changes (deltas) in median and extreme values predicted in climate 

models (Cannon et al., 2015). For interval quantities absolute deltas are preserved (e.g., degrees Celsius), while for ratio 250 

quantities relative deltas are preserved (e.g., percentage change in precipitation). However, if the seasonality of a particular 

variable is not well simulated by the climate model, changes in extreme values in the bias corrected time series can be 

different from the changes predicted by the climate model. This occurs because the bias correction is applied to individually 

to each half month. The change in extreme values in the bias-corrected data will thus reflect the delta calculated for the 

period of the year for which the observed maximum occurs, not the delta for which the simulated maximum occurs. In 255 

addition, if a variable’s modelled and observed distributions differ very much then changes in the mean can be imperfectly 

preserved. 

I investigated how well the bias-correction preserves the changes in the climate model. For each ensemble member and 

catchment, I calculated the mean and 10-year return period minimum and maximum for the reference period (1981-2010) 

and the 30-year period corresponding to 3⁰C above preindustrial conditions. For the return levels I used a block 260 

maxima/minima approach, with a block size of one year. The 10-year return period value was estimated empirically as the 

third highest (or lowest) value in each 30-year period. This is done for simplicity and interpretability of the results. I then 

calculate the change between the reference and future period, and compare these changes calculated for the raw climate 

model output and for the bias-corrected dataset. 

Figure 2 shows a comparison of the raw and bias-corrected (QDM) change in the mean and 10-year return period maximum 265 

values for the four ratio variables, for all climate models and all catchments within the Caravan dataset. Figure 3 shows the 

same comparison, for the mean and 10-year return period minimum and maximum values, for the interval variables.  
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Overall, I find that mean changes are well preserved across all variables. Changes in precipitation are the least well preserved 

(the boxplots in the first panel of Fig. 2 show the widest distribution). This occurs because the distribution of modelled 

precipitation often differs significantly from the observed distribution. Changing each quantile of the bias-corrected 270 

distribution by the same factor as each quantile of the raw distribution thus does not produce an identical change in the mean. 

Nevertheless, the QDM change ratio is within 10% of the raw change ratio over 98% of the time, and within 20% over 

99.8% of the time. 

Changes in extreme values (10-year return period minimum and maximum values) are less well preserved than changes in 

the mean. In particular, where the climate models predict reductions in 10-year return period precipitation, maximum 275 

temperature, and longwave radiation, the bias-corrected data may not fully reflect these reductions. Nevertheless, for the vast 

majority of cases, the bias-corrected changes in extreme values are similar to the changes in the raw model output.   
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Figure 2: Preservation of relative changes in the four ratio variables by Quantile Delta Mapping. The changes compare values at 

3⁰C with values during the reference period (1981-2010). The first column shows changes in mean quantities, and the second 280 
column shows changes in the 10-year return period maximum. 

https://doi.org/10.5194/essd-2026-350
Preprint. Discussion started: 11 June 2026
c© Author(s) 2026. CC BY 4.0 License.



13 

 

 

Figure 3: Preservation of absolute changes in the six interval variables by Quantile Delta Mapping. The changes compare values at 

3⁰C with values during the reference period (1981-2010). The middle column shows changes in mean quantities, and the first and 

third columns show changes in the 10-year return period minimum and maximum, respectively. 285 
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4 Predicted changes in hydrometeorological extremes 

I present some projections of changes in precipitation and evapotranspiration extremes using the bias-corrected data from the 

Caravan dataset for a warming of 3ºC above preindustrial conditions (the first method described in Section 2.1). I choose to 

analyse precipitation events with a 10-year return period as well as the minimum 12-month Standardized Precipitation 

Evapotranspiration Index (SPEI) observed in a 30-year period (Vicente-Serrano et al., 2010). 290 

Figure 4 shows the projected change in 10-year return period single-day precipitation (pr24,10). For each ensemble member, I 

calculated the maximum daily precipitation for each year in the normal period (1981-2010) and for the projection period (30 

years in SSP 5-8.5 for which the average global warming level is 3ºC above preindustrial conditions). For each 30-year 

period, I calculate pr24,10 as the precipitation amount that is met or exceeded in 3 of 30 years. I then calculate the change ratio 

between the reference and projection periods and average this ratio across all variants of each climate model, and then across 295 

the 12 climate models. 

Extreme precipitation is projected to increase almost everywhere. Only 30 of the 24870 catchments in the Caravan dataset 

show a decrease in 10-year precipitation amounts, based on the ensemble mean; most of these catchments are located in 

Chile and Puerto Rico. Increases of greater than 30% are projected in 27% of catchments, located on all continents. 

However, there is considerable variability between different climate models on which regions will see the largest changes.  300 

Figure 5 shows the projected minimum (most extreme) SPEI under 3ºC of warming. For each ensemble member I calibrated 

the 12-month SPEI (SPEI-12) based on the reference period and then calculated the SPEI values for the projection period. 

For the ensemble mean I averaged the minimum projected SPEI-12 across all variants of each climate model and then across 

climate models. 

Among the catchments currently included in the Caravan dataset, regions that are predicted to see the most extreme SPEI 305 

values (<-5) include the Amazon River basin and the southern Dead Sea basin. Under the normality and stationarity 

assumptions of the SPEI, values less than -5 would be expected to occur less than once in 3 million years. These projections 

are quite robust across the 12 climate models, with all models predicting minimum SPEI values of -3 or less in these two 

basins. These extreme drying regions agree with the results presented by Bhardwaj et al., (2025) who predicted extreme 

drying across much of Brazil and most of North Africa and the Arabian peninsula.  310 

SPEI values less than -4 (a return period of ~30,000 years) are also expected to occur in northern Spain, parts of the western 

Great Plains and Rocky Mountains of the United States, southern Mexico the upper Okavango and Zambezi Basins, the 

Western Cape of South Africa, and southwestern Australia.  

https://doi.org/10.5194/essd-2026-350
Preprint. Discussion started: 11 June 2026
c© Author(s) 2026. CC BY 4.0 License.



15 

 

 

Figure 4: Projected change in 10-year return period 24-hour precipitation total, for global warming of 3⁰C above preindustrial 315 
conditions, relative to 1981-2010.  
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Figure 5: Minimum SPEI for a 30-year period with an average global warming of 3°C. The SPEI is calibrated to the reference 

period (1981-2010). 
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5 Conclusions and Limitations 320 

Climate change is profoundly altering streamflow around the world, with effects on aquatic ecosystems, hydropower, and 

water security. Projections of streamflow under climate change scenarios can inform climate adaptation strategies as well as 

provide support for emissions reductions to limit the worst impacts. This study introduces Caravan-CMIP6, which provides 

opportunities to project climate impacts using already-available large-sample hydrometeorological datasets.  

Caravan-CMIP6 provides a great breadth of data, across many catchments, variables, and climate models. However, as a 325 

general-purpose bias-corrected dataset, it has some limitations that were required to keep the dataset size and computational 

requirements reasonable. First, no climate model within our dataset contributes more than 10 ensemble members. Users 

interested in performing Single-Model Initial Condition Large Ensembles (Deser et al., 2020) may be able to gain some 

insight by using the two climate models with 10 ensemble members each (CanESM5 and ACCESS-ESM1-5) but should be 

aware that many more runs of these models are available. Many more models are also available too, which could not be 330 

included in this dataset because they did not report all the necessary variables. 

Second, I used a robust but simple statistical bias-correction algorithm. Dynamical downscaling and bias correction can 

provide more realistic meteorological fields for regional studies. Multivariate statistical bias correction algorithms are also 

available, which preserve the relationships between variables; however, these are approximately an order of magnitude more 

computationally expensive and were thus ruled out.  335 

Lastly, the distribution of catchments provided in Caravan-CMIP6 is quite biased towards Europe and North America. I 

ensured that I included new datasets from locations that have been less well-represented in the large-sample hydrologic 

literature (e.g. CAMELS-IND and CAMELS-COL) but even so, there are no catchments included for most countries in Asia, 

Africa, or Oceania. These regions may exhibit unique responses to climate change that cannot be studied by using large-

sample hydrologic datasets from Europe and North America.  340 

6 Data availability 

The Caravan-CMIP6 dataset described in this study is available at https://doi.org/10.20383/103.01644 (Ruzzante, 2026). 

This includes the raw and bias-corrected meteorological variables for catchments in all ten LSH datasets. Additionally, the 

bias-corrected data for Caravan are available in analysis-ready zarr format in the Google Cloud Platform. An example of 

how to access these data is provided in the GitHub repository: https://github.com/sruzzante/Caravan-CMIP6/.  345 

The raw climate model data in raster format is available from the Earth System Grid Foundation 

(https://esgf.github.io/nodes.html). The basin shapefiles and observed meteorological forcings are available from each 

respective LSH dataset: CAMELS: https://doi.org/10.5065/D6MW2F4D (Addor et al., 2017; Newman et al., 2015), 

CAMELS-AUS-v2 : https://doi.org/10.5194/essd-17-4079-2025 (Fowler et al., 2025), CAMELS-BR: 

https://doi.org/10.5281/zenodo.3709337 (Chagas et al., 2020), CAMELS-CH: https://doi.org/10.5194/essd-15-5755-2023 350 

(Höge et al., 2023), CAMELS-CL: https://doi.org/10.5194/hess-22-5817-2018 (Alvarez-Garreton et al., 2018), CAMELS-
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COL: https://doi.org/10.5194/essd-2025-200 (Jimenez et al., 2025), CAMELS-DE: https://doi.org/10.5194/essd-16-5625-

2024 (Loritz et al., 2024), CAMELS-GB-v2: https://doi.org/10.5194/essd-2025-608  (Coxon et al., 2025), CAMELS-IND: 

https://doi.org/10.5194/essd-17-461-2025 (Mangukiya et al., 2025), Caravan: https://doi.org/10.1038/s41597-023-01975-w 

(Addor et al., 2017; Alvarez-Garreton et al., 2018; Arsenault et al., 2020; Chagas et al., 2025; Coxon et al., 2020; Fowler et 355 

al., 2025; Klingler et al., 2021; Kratzert et al., 2023; Newman et al., 2015), and the extensions to Caravan: 

https://github.com/kratzert/Caravan/discussions/10 (Casado Rodríguez, 2025; Czech Hydrometeorological Institute et al., 

2025; Färber et al., 2025; Helgason and Nijssen, 2024; Höge et al., 2023; Koch et al., 2025; Loritz et al., 2024; Morin, 2025). 

The MERIT digital elevation model is available at https://doi.org/10.5281/zenodo.1447209.  

7 Code availability 360 

The codes developed to extract the raw climate model data, calculate the required variables, perform the quantile delta 

mapping, and save the data to its final format are provided at http://www.github.com/sruzzante/Caravan-CMIP6. The codes 

rely most heavily on the terra and MBC packages for R (Cannon, 2024a; Hijmans et al., 2026). 

Appendix A: Miscellaneous notes: 

UKESM1-0-LL: Users should be aware that UKES1-0-LL uses a 360-day calendar, in which each month has 30 days. Dates 365 

such as February 30 are valid in this calendar, and I recommend using the CFtime packages in R (Laake, 2025) and cftime 

and nc-time-axis in python (nc-time-axis contributors, 2026; Whitaker et al., 2025). 

In addition, the UKESM1-0-LL raw raster data contains unrealistic spikes in tasmax for some grid cells and days, with very 

high daily maximum temperatures (tasmax). This is probably a result of non-physical inefficient mixing by the model’s sub-

grid scale mixing scheme, and is a known error: https://errata.ipsl.fr/static/view.html?uid=76b3f818-d65f-c76b-bfd8-370 

cae5bc27825c, for which the recommended solution is to mask out values above 335K prior to analysis. I wanted to avoid 

missing values in the time series, so I instead replaced all grid cells with tasmax>335K with the value 2*tas-tasmin, under 

the assumption that the maximum and minimum temperatures are equidistant from the mean. 

CAMELS: The variables labelled as maximum and minimum temperature (tmax (C). and tmin (C)) in the CAMELS dataset 

(Newman et al., 2015) for the NLDAS and Maurer forcings are in fact the mean temperature. The CMIP6 mean temperature 375 

tas was accordingly bias-corrected to match the variable labelled as tmax (C). I label these variables tmean.C.maurer and 

tmean.C.nldas. 

Also, note that the solar radiation variable in CAMELS is averaged over the daylight period of the day. For the bias 

correction, I converted this variable to be averaged over 24 hours, performed the bias correction, and then converted back to 

a daylight-period average. I provide the daylight period as dayl.s. in the bias-corrected data, but note that no correction is 380 

made to this variable 
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CAMELS-CH: The meteorological data begin at 1981-10-01, so I used a reference period of 1981-10-01 to 2011-09-30 for 

this dataset. 

Caravan: For the CAMELS-ES extension the meteorological data are provided only from 1990. I re-extracted the ERA5-

Land data using the codes provided by Kratzert et al., 2023) . 385 

Appendix B: Variable Definitions 

Where possible I adopt the CMIP6 conventions for variable abbreviations and units (https://clipc-

services.ceda.ac.uk/dreq/index/var.html). 

Table B1: Variable Definitions 

Variable Long Name Units CMIP6 variable? 

tas Near-surface air temperature (usually 2 m) K yes 

tasmax Near-surface maximum daily air temperature 

(usually 2 m) 

K yes 

tasmin Near-surface maximum daily air temperature 

(usually 2 m) 

K yes 

tasC Near-surface air temperature (usually 2 m) in 

Celsius 

⁰C no 

hurs Near-surface relative humidity % yes 

pr Precipitation kg m-2 s-1 yes 

ps Surface air pressure Pa yes 

psl Sea level pressure Pa yes 

rlds Surface downwelling longwave radiation W m-2 yes 

rlus Surface upwelling longwave radiation W m-2 yes 

rls Net longwave surface radiation (downwards) W m-2 yes 

rsds Surface downwelling shortwave radiation W m-2 yes 

rsus Surface upwelling shortwave radiation W m-2 yes 

rss Net shortwave surface radiation (downwards) W m-2 yes 

rNet Net shortwave + longwave radiation (downwards) W m-2 no 

uas Eastward near-surface wind (10 m) m s-1 yes 

vas Northward near-surface wind (10 m) m s-1 yes 

sfcWind Near-surface wind speed (10 m) m s-1 yes 

tdps 2 m dewpoint temperature K yes 
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vp Water vapour pressure Pa no 

vpDeficit Water vapour pressure deficit Pa no 

vpSat Saturation water vapour pressure Pa no 

petfao56 Potential evapotranspiration calculated using the 

FAO-56 Penman-Monteith formula (Allen et al., 

1998) 

kg m-2 day-1 no 

petharg Potential evapotranspiration calculated using the 

Hargreaves formula (Hargreaves and Samani, 1985) 

kg m-2 day-1 no 

petpriestly Potential evapotranspiration calculated using the 

Priestly-Taylor formula (Priestley and Taylor, 1972) 

kg m-2 day-1 no 

et_morton_potential Potential (point) evapotranspiration calculated using 

the Morton formula (Morton, 1983) 

kg m-2 day-1 no  

et_morton_actual Areal actual evapotranspiration calculated using the 

Morton formula (Morton, 1983) 

kg m-2 day-1 no  

et_morton_wet Wet environment areal potential evapotranspiration 

calculated using the Morton formula (Morton, 

1983) 

kg m-2 day-1 no  

Appendix C: Computational resources and CO2-equivalent calculation 390 

I tracked the total CPU-core-days and CPU-equivalent-core-days used for this project, across four high-performance 

computing (HPC) cluster (Fir, Narval, Nibi, and Rorqual). I estimated the power efficiency in [kW/core] of each cluster 

using published power consumption and total number of cores for each HPC (Graham and Jake Hirsch-Allen, 2024; 

University of Waterloo, 2017). I multiplied the CPU-equivalent-core-hours by the power efficiency to calculate total energy 

consumption in kWh. I then multiplied this value by the carbon intensity of each provincial grid (Environment and Climate 395 

Change Canada, 2025; annex 13) to calculate total CO2-equivalent emissions. 

 

Table C1: Calculation of energy usage and CO2-equivalent emissions 

HPC 

cluster 

CPU-

core-

days 

used 

CPU-

equivalent-

core-days 

used 

Power 

Efficiency 

(kW/core) 

Total Energy used 

(kWh) 

Carbon intensity 

(g CO2-eq/kWh) 

Total CO2-eq (kg) 

Fir 1459 123140 0.012 34633 18 623 
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Narval 445 25591 0.004 2502 1.9 5 

Nibi 275 38136 0.020 18027 59 1063 

Rorqual 183 29580 0.003 2350 1.9 5 
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