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Abstract
In this thesis, an easily reproducible modeling approach was developed for assessing the climate change
impact on streamflow. This approach was tested by using it to assess the impact of climate change on
streamflow in 5 different contrasting catchments across the United States. Many studies show that climate
change is expected to influence streamflow regimes all over the world. However, these studies are often
difficult to reproduce because the modeling approaches used are usually only locally applicable. In the ap-
proach used in this study, hydrological model calibration and validation were done using open-accessible
ERA5 forcing together with observed streamflow data provided by the GRDC. The model performed best
in a mountainous catchment, while the worst performance was found in a dry catchment and a catchment
containing several lakes. The low performances here are mainly caused by imperfect forcing data used for
calibration and the neglection of lake processes. The climate change impact analysis used forcing from two
CMIP6 models with the SSP245 and SSP585 scenarios. The projections showed significant changes in
streamflow in colder regions, which aremost likely related to changing snowmelt processes. Themain find-
ing in warmer regions is that streamflow is generally expected to decrease in the drier periods. Changes of
streamflow in these regions are most likely related to changes in precipitation and evaporation processes.
However, results remain very uncertain due to disagreements between climate models and sometimes
doubtful performance of the hydrological, caused by oversimplification of the model and imperfect ERA5
calibration data. The designed modeling approach facilitates reproducibility of climate change impact anal-
yses in a wide range of catchments using different climate models and scenarios. Its use makes it easier
to expand similar analyses to a large ensemble of these aspects.
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1
Introduction

1.1. Introduction
Climate change is expected to influence climate, atmoshperic and hydrological processes all over the world
(IPCC, 2021). For example: precipitation patterns and snowmelt processes will be altered as a result of
increasing air temperatures, leading to changes in streamflow regimes (Hanus et al., 2021, Roudier et al.,
2014, Huang et al., 2020, Hirpa et al., 2019, Neves et al., 2020, Ndhlovu and Woyessa, 2021, Brunner
et al., 2020, Lane et al., 2022). Impacts on runoff signatures due to hydrological changes can be assessed
using a combination of hydrological and climate models. In this thesis, ”climate models” will be used as a
catch all for global recirculation models, including re-analysis datasets. The most common approach used
in studies focusing on climate change impact on streamflow is to use one hydrological model in a limited
amount of catchments. Another approach that can be found in the literature is the use of large multi-model
ensembles, disregarding individual model performances. The study of Krysanova et al. (2018) argues,
however, that this second approach is less trustworthy regarding the analysis climate change impact as-
sessment, as these studies often use an ensemble of both good and poor performing models. Studies that
focus both on using a wider variety of hydrological models and individual model performances in different
contrasting catchments are relatively limited, however. Besides the possibility of using different hydrolog-
ical models, studies related to climate change impact can differ in the number of used climate models,
scenarios and catchments. In the work of Clark et al. (2016) it is found that the results of climate change
impact studies bring along a lot of uncertainties related to these aspects. In climate change impact stud-
ies, a part of these uncertainties are frequently addressed, but in the field of hydrological models it is often
difficult for researchers to tackle these uncertainties by using multiple hydrological models. The reason
for this is that hydrologists are often hindered by limited model availability, as many existing hydrological
models are only locally applicable and are programmed in different languages (Hut et al., 2017; C. Hutton
et al., 2016). This makes it difficult to reproduce the hydrological model in another catchment, and to make
an assessment of the performance and uncertainties of predictions between different hydrological models
and catchments, together with different climate model combinations. Still, in the literature it is mostly found
that the climate model uncertainty is more dominant than the hydrological model uncertainty (De Niel et al.,
2019, Her et al., 2019). Nonetheless, working with both multiple hydrological, climate models and catch-
ments, while taking individual model performances into account, could enhance the overall credibility of
future projections.

The eWaterCycle platform aims to solve the problem of limited hydrological model availability by making
hydrological models more FAIR (Findable, Accessible, Interoperable and Reproducable). In this platform,
hydrologists are able to share their work and add new models, so that these models can be accessed by
other hydrologists through a common interface in Python, where users are able to easily adapt somemodel
acts as well (Hut et al., 2022). To make the hydrological models FAIR, all hydrological models on the eWa-
terCycle platform can be accessed through a Basic Model Interface (BMI) (E. Hutton et al., 2020) within
a Jupyter Notebook environment. In this way, different hydrological models (possibly written in different
programming languages) can be easily reproduced in the same manner. Forcing input for the hydrological
models on the platform can be generated using the Earth System Model Evaluation Tool (ESMValTool)
(Righi et al., 2020). Using this tool, forcing input from large climatic datasets can be easily and quickly
generated for use in specific hydrological models without the need of different complex functions. This
FAIR approach enhances the flexibility for modellers, as they are being able to use a wide variety of hy-
drological models for their research without the need of focusing on the more complex model technology.
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2 1. Introduction

The aim of this thesis was to make a climate change impact assessment on streamflow by building on
the FAIR modeling approach of eWaterCycle. This is done by developing a flexible and reproducible
approach for conducting reproducible climate change impact analysis on streamflow. This thesis report
demonstrates the functionalities of this approach by performing climate change impact assessments on
streamflow in five contrasting catchments across the United States, using two climate models from the
CMIP6 dataset with two future climate scenarios (Eyring et al., 2016). The approach is built on the HBV-
mountain hydrological model (Hanus et al., 2021), for which a BMI is added such that it can be used in the
same way as the hydrological models on the eWaterCycle platform. Although this study still uses only one
hydrological model, the approach can be redesigned such that more different BMI hydrological models can
be used, so that multiple models can be used to reproduce similar analysis.

1.2. Study goals
The first goal of this thesis work was to develop a flexible modeling approach for conducting climate change
impact analysis on streamflow in a reproducible way. This is done by firstly adding a BMI to the HBV-
mountain hydrological model, as was developed in the work of Hanus et al. (2021), such that this model
and the approach can be implemented on the eWaterCycle platform. The purpose of this first goal is to
increase the flexibility for conducting climate change analyses on the eWaterCycle platform.

The second goal of this thesis was to use this approach to assess the impact of climate change on stream-
flow in five different contrasting climates located accross the United States. This is done by using two
climate models from the CMIP6 dataset with two different future SSP scenarios. The purpose of this sec-
ond goal was to demonstrate the functionalities and flexibility of the approach by showing the calibration
process in the catchments and different results of the climate change impact assessment.

1.3. Thesis outline
This report is structured as followed: Chapter 2 discusses the methods used in this study. More specif-
ically, Sections 2.1 - 2.5 discuss the methods used for the model calibration and climate change impact
assessment, while Section 2.6 highlights the usage and some of the functionalities of the reproducible
modeling approach. The results of calibration and climate change impact assessment are presented in
Chapter 3, and these results are discussed in more detail in chapter 4. In the discussion section, Sections
4.1 and 4.2 focus on the found results in the climate change impact assessment, while Section 4.3 focuses
on how the designed modeling approach and how this approach relates to the found results. The final
conclusions are outlined in Chapter 5.



2
Methods

This chapter discusses the methods used for the climate change impact analysis, and how these methods
are made reproducible. Section 2.1 focuses on the study area, Section 2.2 describes the hydrological
model, and the input data for model calibration and making the streamflow simulations are described in
Section 2.3. The calibration and validation process is explained in Section 2.4. The methods for the climate
change impact analysis are explained in Section 2.5. Lastly, Section 2.6 presents the usage and some of
the functionalities of the reproducible modeling approach.

2.1. Study area
This study focused on the climate change impact on streamflow in five different catchments located across
the United States. Most of these selected catchments are located in different climate zones, according to
the Köppen climate classification (Beck et al., 2020, Köppen, 1936). Furthermore, the selected catchments
differs in the elevation levels, land use proportions, drainage area and long term mean discharge. Land
cover types are taken from the 2001 USGS National Land Cover (NLCD) Database (Homer et al., 2007),
catchment elevations are taken from the Digital Elevation Model of NASA SRTM (NASA, 2013). The NLCD
land cover data is classified in the four different land cover types used in the HBV-mountain hydrological
model (section 2.2). The riparian zone is estimated by assuming that the wet pixel area the NLCD data is
equal to the riparian zone area, which is, given the spatial resolution of the NLCD data (30m) and the rela-
tively small size of most of the catchments, a simplification of the method of using small fixed-width buffers
for estimating riparian zones (e.g. Salo et al. (2016)). However, using this method likely underestimates
the true riparian area in larger streams, as the riparian buffers are often larger here compared to smaller
streams (Song et al., 2021). All catchment data are summarized in table 2.1 and the locations can be
found in figure 2.1. Figure 2.2 shows examples of the elevation and land cover map of the Big Rock Creek
catchment. This catchment is distinguished by its relatively dry climate. According to NLCD land cover
data, the Thunder Creek catchment area consists of 11% glacier, and is the only one of the five catch-
ments with glacial cover. This percentage of glacier cover is slightly less than the percentage glacier cover
of the Thunder Creek catchment used in the studies of Fountain and Tangborn (1985) (14%). Streamflow
in this catchment is predominantly influenced by glacier melt (Tangborn, 1980). Although the Kawishiwi
catchment is located in the same climate zone as the Youghiogheny catchment, this catchment is selected
because of its distinct elevation levels, low temperatures, and land use proportions: the Kawishiwi river
passes through several lakes, which is the reason of its relatively large percentage of riparian zone. Also,
the small difference in the minimum and maximum elevation level in this catchment differs from the other
catchments.
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4 2. Methods

Figure 2.1: Locations of all selected catchments in this study

Figure 2.2: Elevation (left) and landuse (right) map of the Big Rock Creek catchment

Table 2.1: Catchment data
Big Rock
Creek

Thunder
Creek

Conasauga
river

Kawishiwi
river

Youghiogheny
river

GRDC station number 4118220 4146370 4149430 4113900 4123345
Drainage area (km2) 59.3 271.9 652.68 657.9 347.1
Elevation (m) 1245 - 2792 396 - 2746 187 - 1284 436 - 527 716 - 1024
Min-max temperature (°C) 5.5 – 24.5 -6.0 - 12.8 3.4 - 25.3 -13.5 - 18.4 -2.4 - 20.2
Annual precipitation (mm y-1) 361 1755 1369 786 1418
Long term mean Discharge
(m3 s-1)

0.78 17.9 13.8 5.0 9.2

Bare (Glacier) (%) 2 (0) 32 (11) 6 (0) 0 (0) 4 (0)
Forest (%) 62 46 71 65 60
Grass (%) 35 22 21 0 30
Riparian (%) 1 1 1 35 6
Climate classification Csa

Temperate,
dry and hot
summer

Dfc
Cold, no dry
season, cold
summer

Cfa
Temperate, no
dry season,
hot summer

Dfb
Cold, no
dry season,
warm sum-
mer

Dfb
Cold, no dry
season, warm
summer
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2.2. Hydrological model
The HBV-mountain hydrological model is used for the climate change impact analysis tool, which is de-
veloped and used in the study of Hanus et al. (2021). In order to ensure the model can be used in a
reproducible way, a Basic Modeling Interface (BMI) is added to the hydrological model (E. Hutton et al.,
2020), of which the workflow can be found in appendix A. This process based, semi-distributed hydrological
model consists of four different hydrological response units (HRUs): a bare or sparsely vegetated zone,
forested hillslope, grassland hillslope and a riparian zone. The hydrological fluxes are quite similar in all
units, except for the bare rock zone, which is distinguished by a glacier storage component and where in-
terception storage is negligible (see figure 2.3). Besides, water can re-enter the soil from the slow reservoir
in the riparian zone. The model is designed so that the land use and elevation proportions can be adjusted
accordingly to the actual proportions in the catchment, as found in table 2.1.

The model uses precipitation and temperature as forcing input data, the parameter sets for each response
unit, and some initial settings which are mainly catchment depended. These settings mostly concern catch-
ment elevation, land use and amount of daily sunlight hours. In case of missing evapotranspiration data,
the model estimates the daily potential evapotranspiration using the Thornthwaite method, which only uses
the temperature and sunlight hours per day for the estimation of evapotranspiration (Thornthwaite, 1948).
The equifinality of the model is reduced by keeping some of the model parameters the same for each HRU.
The parameter set consists of a total of 20 different parameters, of which 8 are kept the same for all HRUs,
giving the model a total of 20 degrees of freedom. The catchment elevations are incorporated in the model
in the form of four elevation bands, which differs from snow melt processes due to different temperatures.
A more detailed description of the hydrological model can be found in the paper of Hanus et al. (2021).

Figure 2.3: HBV-mountain model hydrological model used in this study (Hanus et al., 2021)

2.3. Input data and climate simulations
Using eWaterCycle’s included datasets, streamflow observation data are taken from the Global Runoff
Data Centre (GRDC, https://www.bafg.de/GRDC, last access: 11 October 2022). In case of the selected
catchments, all discharge data is originally provided by the US Geological Survey (USGS). Precipitation
and temperature data for model calibration is taken from the ERA5 global reanalysis dataset, which is
also available within eWaterCycle (Hut et al., 2022). The ERA5 dataset is an ECMWF reanalysis product,
whose data are global estimates developed based on a combination of historical (satellite and in-situ) ob-
servations together with advanced modelling and data assimilation systems (Hersbach et al., 2020). Due
to the large complexity of integrating glacier retreat in the modeling process (Li et al., 2015), it is chosen to
keep the glacier extent in the Thunder Creek constant over time. The selected time range for the calibration
and validation data is from 1986 - 2005.

Two different climate models from the CMIP6 dataset are used for the climate change impact analysis:
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the GFDL-CM4 model from GFDL-NOAA (USA) (Held et al., 2019) and the MPI-ESM1-2-HR model from
MPI (Germany) (Gutjahr et al., 2018), with the years 1975 – 2005 as reference period and 2070 – 2100 as
future period. Note that the start of the reference period is 10 years earlier than the start of the calibration
period, this is done in order to expand the amount of data so that it can be compared with a longer future
period. Before the CMIP6 data is used in the ERA5-calibrated model, the historical and future data is bias
corrected with a Linear Scaling method using monthly precipitation and temperature averages (Lenderink
et al., 2007, Azman et al., 2022). Precipitation data is bias-corrected using equation 2.1, and temperature
data is corrected using equation 2.2. In these equations, Pcorrected, d, m and Tcorrected, d, m are the bias-
corrected precipitation and temperature on the dth day in the mth month, Pd, m and Td, m are the original
precipitation and temperature data on the dth day in the mth month, PERA5, m and TERA5, m are the mean
monthly precipitation and temperature of the ERA5 calibration data in the mth month, and Pm and Tm are
the original precipitation and temperature data in the mth month.

𝑃corrected, d, m = 𝑃d, m(
𝑃ERA5, m
𝑃m

) (2.1)

𝑇corrected, d, m = 𝑇d, m(
𝑇ERA5, m
𝑇m

) (2.2)

Future climate simulations are made for two different Shared Socioeconomic Pathways (SSPs): SSP245
and SSP585 (Eyring et al., 2016). The SSP245 scenario assumes a medium level of radiative forcing with
an increase of approximately 3°C by the end of the 21st century, while the SSP585 assumes a high level
of radiative forcing with an increase of approximately 5°C by the end of the century (Tebaldi et al., 2020).

A summary of all forcing and observation datasets used in the analysis can be found in table 2.2. All
forcing data is generated using the Earth System Model Evaluation Tool (ESMValTool)(Righi et al., 2020),
for which an ESMValTool recipe and diagnostics script are made specifically for creating forcing input for
the HBV-mountain hydrological model (see appendix A.2). The ERA5 data is accessed via the eWater-
Cycle platform, while the CMIP6 data is accessed via the High-Performance Computing cluster ”Levante”
(DKRZ, https://docs.dkrz.de/doc/, last access: 26 November 2022).

Table 2.2: Datasets for calibration and climate change impact assessment
Calibration Climate change impact analysis

Dataset ERA5 GRDC GFDL-CM4 MPI-ESM1-2-
HR

Spatial resolution (lon
x lat)

0.1°x 0.1° - (Station) 1°x 1° 0.9°x 0.9°

Temporal resolution Hourly Daily Daily Daily
Data Precipitation

Temperature
Discharge Precipitation

Temperature
Precipitation
Temperature

Selected time range 1986 - 2005 1986 - 2005 1975 - 2005
2070 - 2100

1975 - 2005
2070 - 2100

2.4. Model calibration and validation
All 20 parameters are calibrated for the selected catchments, which is done by using the GRDC stream-
flow data together with the ERA5 precipitation and temperature data. All model parameters are process
constraint following the suggestions of the study of Gharari et al. (2014), and similar parameter boundaries
are used from the study of Hanus et al. (2021) (see appendix C.2). The overall model performance per
parameter set is assessed by determining the Euclidean Distance (Hrachowitz et al., 2014, Schoups et al.,
2005), which is calculated based on the Nash Sutcliffe efficiency (Nash and Sutcliffe, 1970) of four different
individual objectives. The individual signatures are summarized in table 2.3, and the objective functions
can be found in appendix C.1. Due to the sensitivity of the NSE method to large outliers in the data, the
Flow Duration Curve is determined using the logarithm of the streamflows. The four objectives are used
for both the calibration as the validation of the hydrological model.

The Euclidean Distance of the four different objectives is optimized using the Covariance Matrix Adaptation
Evolution Strategy (CMA-ES) (Hansen, 2007, Ikram et al., 2022). The CMA-ES is an evolutionary algo-
rithm for numerical optimization, which generates a new candidate parameter set solution from a current
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solution. This new parameter sets solution is tested based on the objective function, and will be selected
for the next iteration in case of a sufficiently good score. The calibration process is done by performing
50 different optimization processes with 50 iterations, resulting in 50 different parameter sets per catch-
ment. Because of possible equifinality of the hydrological model, a set of the best parameter combinations
should be used for further analysis, instead of only using the best model fit (Beven and Binley, 1992).
Therefore,the 20 best performing parameter sets from the CMA-ES calibration are selected for further cli-
mate analysis. During the total calibration and validation time, there was a warming up period of 3 years
(1986-1989), and 10 (1989-1999) and 6 (1999-2005) years for calibration and validation respectively. This
warming up period was necessary for the model to properly estimate the initial storage conditions in the
catchment. To increase the calculation speed, all calculations of the calibration process are done using
the High-Performance Computing cluster ”Levante” from DKRZ.

𝑛

∑
𝑖=1
𝑃ERA5 −

𝑛

∑
𝑖=1
𝐸modelled =

𝑛

∑
𝑖=1
𝑄observed + 𝜖 (2.3)

After the model is calibrated for all catchments with the ERA5 data, the results are compared with the
observation data using the long term water balance to check for long term biases (ε) (equation 2.3). This is
done by comparing the precipitation (PERA5) and the modelled evaporation (Emodelled) with the streamflow
observations (Qobserved).

Table 2.3: Objectives used for calibration and validation of the hydrological model

Signature
Objective function Note

Timeseries of streamflow NSEtimeseries High flows
Log NSEtimeseries Low flows

Flow duration curve NSEflow duration curve Frequency of streamflow occurrence
Annual runoff coefficient NSEannual runoff Precipitation fractionated into streamflow

2.5. Climate change impact analysis
2.5.1. Annual, seasonal and monthly changes
After calibration and running all historical and future streamflow simulations, the results are used for the
climate change impact analysis in the catchments. The changes in annual, seasonal and monthly stream-
flow patterns are investigated by looking at differences in the monthly spread of the modelled total monthly
streamflow of all years between the reference and future period. For this, the mean result of all simula-
tions with the different parameter sets and climate models are used. These results are compared to the
relative change in mean daily precipitation and the absolute change in mean daily temperature. In order to
investigate the differences in the projections between the CMIP6 models, seasonal projections with both
seperate climate models are projected in the Conasauga catchment. Next to this, the changes in precip-
itation and temperature under the SSP585 scenario are compared to the relative changes in streamflow
in the Big Rock Creek and Thunder Creek catchment. These are very contrasting catchments in terms of
land use, total precipitation and temperature. By focusing on these two catchments, the linkage of how
precipitation and temperature changes affects streamflow is clearly highlighted. Next to this, changes in
the Flow Duration Curve (FDC) between the future and reference period are compared for all catchments.
In literature, the FDC is a commonly used indicator for assessing the effect of climate change on stream-
flow (Leong and Yokoo, 2021, Leta et al., 2018, Nel et al., 2014, Sellami et al., 2016). By looking at the
shapes of the FDCs of the reference and future streamflow simulations, changes in the frequency of high
and low streamflow flows can be assessed. The analysis is done by using the 7-day moving average of
the streamflow simulations. In this way, any potential false signals or occasional fluctuations are smoothed
out of the data.

2.5.2. Changes in minimum and maximum annual streamflow
Changes in annual streamflow extremes in all catchments are examined by looking at the magnitude and
timing of the annual 7-day minimum and maximum streamflow. This is done by making boxplots of the
mean streamflow magnitude during these 7 days of maximum and minimum flow. Next to this, changes
in extreme streamflow timing are investigated by using circular statistics (e.g. Hanus et al. (2021), Blöschl
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et al. (2017)). In this way, shifts in the timing of the minimum and maximum streamflow can be correctly
identified, despite of the turnings of years.

2.5.3. Uncertainty analysis
To check for the uncertainties originating from the different parameter sets, the spread of the future stream-
flow projections from all parameter sets in the Conasauga catchment is analysed, which is done by using
the GFDL-CM4 model for the SSP585 scenario. Next to this, to further analyse the uncertainty coming
from the climate models, the results of the two selected CMIP6 models are compared to the total spread of
the results of an ensemble of 28 different CMIP6 models, using one parameter set only. Lastly, the differ-
ence in spread originating from the different parameter sets and the climate models are compared using
boxplots showing the spread of the mean monthly streamflow of all individual years in the future period.

2.6. Reproducible modeling approach
The modeling process is designed such that it is easily and quickly reproducible for all selected catch-
ments. As mentioned earlier in sections 2.2 and 2.3, this is particularly done by adding a BMI to the
HBV-mountain hydrological model and using the ESMValTool for generating forcing input. The BMI is an
interface which provides a standardized set of functions, allowing users to reuse the model in a straight-
forward way (E. Hutton et al., 2020). Next to this, the general modeling process is designed in a way
that the climate change impact assessment can be done using three different Jupyter Notebooks: one
notebook for generating forcing input using ESMValTool, one notebook for model calibration and valida-
tion, and one notebook for the analysis. A detailed description of functionalities of each notebook can be
found below. The total modeling approach is schematised in figure 2.4. All model code is available from
https://doi.org/10.5281/zenodo.7405678 (Hoogelander, 2022).

Notebook 1: Generating forcing using ESMValTool
In this notebook, forcing input for the HBV-mountain model can be generated using the ESMValTool. Im-
portant components of the ESMValTool are the ESMValTool recipe and the diagnostics script: the recipe
contains instructions which are needed to generate the desired forcing data. The main instructions mainly
include the directory and name of the basin shapefile, the climate dataset from which data is to be re-
trieved, the desired variables, the start and end year and which diagnostics script should be used. The
diagnostics script is a Python script containing the several functions which are used to obtain the desired
data in the manner specified in the recipe. Currently, this notebook is designed to generate forcing for this
specific model. Before forcing for a catchment can be generated, the catchment shapefile must be stored
in the auxiliary data folder (see appendix B.2 for more details). In this notebook, CMIP6 forcing generation
is generally done in three steps: firstly, the ESMValTool recipe for the HBV-mountain model is loaded.
Currently, the ESMValTool recipe and diagnostics script are not yet available through the ESMValTool’s
repository, but they can be found on this study’s Github repository (see Appendix A.2). Then, a dictionary
of all specified CMIP6 models is made, which is done by selecting the CMIP6 models listed in a YAML
file. Currently, there are 28 different CMIP6 models listed in this file which can be selected from. Although
more CMIP6 models are available on Levante, not all models have precipitation data available on a daily
resolution. Besides, not all models have multiple future SSP scenarios included. From all listed CMIP6
models, all models have at least the SSP245 and SSP585 scenario included in their data (see Appendix
B.4). The last step is to run the ESMValTool recipe to generate forcing input for the HBV-mountain model.
This is done using a function which requires the ESMValTool recipe object, the catchment name or ID, the
scenario, the dictionary containing the selected CMIP6 datasets and the start and end year. After running
this function, the precipitation and temperature data are stored in a NetCDF file within an ESMValTool out-
put folder, from which the exact location is given after a successful run. In case of generating ERA5 forcing
input, the ESMValTool recipe is slightly different, and running this recipe can be done by only specifying
the catchment name and start and end year.

Notebook 2: Model calibration and validation
Calibration and validation of the hydrological model are done in the second notebook. Currently, in case all
necessary packages are installed, this notebook can be used on a local machine. This notebook is built on
the (Julia) HBV-mountain model functions, a wrapped Python BMI, and additional Python preprocessing
and calibration functions (See Appendix B.2 for more details). This notebook is used in four steps: first, the
ERA5 forcing NetCDF file (generated in the first notebook) is loaded. Then, the second step is to provide all

https://doi.org/10.5281/zenodo.7405678


2.6. Reproducible modeling approach 9

necessary settings for the calibration. Regarding the required additional data, this includes specifications
of where the NLCD landuse map, DEM map, streamflow observations and the catchment’s shapefile are
stored. For this, it is important that all raster files and the shapefile are projected in the WGS84 coordinate
system. Next to this, the amount of CMA-ES calibrations, the iterations per CMA-ES calibration, the start
and end year and the number of years for the warming up period are specified in this second step. Then,
after specifying all necessary settings, the model is calibrated using a wrapped calibration function, which
returns a dataframe containing the calibration scores of the individual objective functions together with
the corresponding parameter set. Then, this dataframe is used for the validation, which is again done
using a wrapped function. The output of the validation function are the validation results and the simulated
streamflow and evaporation over the total calibration and validation period.

Notebook 3: CMIP6 simulations and analysis
In the third notebook, all historical and future streamflow simulations using CMIP6 forcing are produced
and the results are analysed. This is done in three main steps: first, the calibration and validation results
from the second notebook are loaded, which are in the form of a dataframe containing the calibration
and validation scores together with the corresponding parameter set. Additionally, the streamflow and
evaporation simulations are loaded so that they can be included in the analysis. Then, in the second step,
all historical and future streamflow simulations aremade using the CMIP6 data. For this, the locations of the
NetCDF files of the CMIP6 forcing and the ERA5 calibration forcing must be given, which are generated
using the first notebook. Another option is to loop through all generated CMIP6 models, for which the
folders in which the models are located must be specified. In the streamflow simulation runs, all CMIP6
data are bias corrected with the ERA5 data. After running the simulations, the last step is to perform
the analysis using the results. In this step, all results discussed in section 2.5 from this report can be
reproduced. Although, users are free in making their own analysis after making the streamflow simulations
in this notebook.

Figure 2.4: Modeling approach



3
Results

This chapter presents the results found using the methods discussed in Chapter 2. The calibration and
validation results are presented in section 3.1. Section 3.2 shows the results of the historical streamflow
simulations using the CMIP6 data, and section 3.3 shows the results of the climate change impact analysis.
Are results are made using the reproducible modeling approach described in section 2.6.

3.1. Model calibration and validation
After running 50 different CMA-ES calibration processes with 50 iterations per catchment, the hydrologi-
cal model has a Objtot score between 0.42 - 0.69 and 0.40 - 0.67 for the calibration and validation period
respectively, using the 20 best scoring parameter sets in all catchments. The best validation scores are
found in the Thunder Creek catchment (0.67), while the Kawishiwi catchment has the lowest validation
score (0.40). Mean scores of all individual objectives can be found in table 3.1. The low Objtot score in
the Kawishiwi catchment is mostly due to the low NSElog timeseries and NSEannual runoff scores. The Big Rock
Creek, Conasauga and Youghiogheny catchments show low NSEannual runoff as well. The low value in the
Big Rock Creek catchment is related to the relatively low score in the NSEtimeseries, indicating that high
flows are poorly captured here. The low NSEannual runoff value in the Kawishiwi catchment is mainly due
to the relatively low score in both NSEtimeseries and NSElog timeseries. The NSEtimeseries score varies among
the catchments, with the Thunder Creek and Big Rock Creek catchment showing the highest and lowest
score respectively. On the other hand, the Big Rock Creek catchment shows the highest NSElog timeseries,
indicating that the model is good at capturing low flows here. The NSEflow duration curve scores are relatively
high in all catchments, indicating that the model is good in reproducing the streamflow frequency distribu-
tion in all catchments.

The simulation results of all catchments for one observational year (2001) together with the streamflow
observations can be found in figure 3.1. This figure highlights the model spread of the hydrological model
originating from the individual parameter sets in one individual year. The largest relative spread can be
found in the Big Rock Creek and Kawishiwi catchment. Although the different climate classifications, both
the Conasauga as Youghiogheny catchments have comparable hydrographs, which is likely to be related to
their comparable land use proportions and relatively close geographical locations. Next to this, the ERA5-
simulation results of all catchments are compared with the observation data by looking at the long term
water balance. Figure 3.2 shows cumulative sum of the biases per catchment over the years together with
the cumulative biases relative to the cumulative streamflow, and the sum of the absolute biases over the
years. The largest relative bias in the long term water balance is found in the Big Rock Creek catchment,
while the Kawishiwi catchments has the lowest relative bias in the long term water balance. However,
relative to the cumulative streamflow, the absolute error in the Kawishiwi is still high. Total biases in the
Big Rock Creek, Thunder Creek and Youghiogheny catchment are all negative, which indicates, according
to equation 2.3, that the streamflow is generally underestimated here. Although the Thunder Creek shows
good calibration results, the total bias is relatively large compared to other catchments. As the bias is
negative here, there is likely a factor underestimating the flow input in equation 2.3. This underestimating
factor is related to the neglect of the change in storage in this particular catchment, as glacier melt has a
large contributing factor here, indicating that the results of figure 3.2 are not reliable for the Thunder Creek
catchment. The Kawishiwi and Conasauga catchments are having a positive bias in the long term water
balance, which suggests that streamflow is generally overestimated. Although, as the cumulative change
is calculated between two winters, the bias is also affected by neglecting the change in storage, as the
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difference in snow storage is likely to be different between the two winter periods. Where the biases in
the long term total water balance in most catchments grow irregularly, the cumulative bias in the Thunder
Creek catchment increases almost linearly. This indicates that the bias in this catchment is dependent on
a constant factor over the years, which is most likely due to the glacier melt processes.

Table 3.1: Calibration and Validation results

Big Rock Creek Thunder Creek Conasauga Kawishiwi Youghiogheny
Cal Val Cal Val Cal Val Cal Val Cal Val

NSEtimeseries 0.31 0.25 0.61 0.58 0.41 0.48 0.54 0.47 0.50 0.44
NSElog timeseries 0.80 0.80 0.76 0.78 0.70 0.66 0.48 0.32 0.77 0.73
NSEflow duration curve 0.90 0.88 0.92 0.94 0.96 0.94 0.93 0.95 0.97 0.97
NSEannual runoff 0.09 0.12 0.60 0.67 0.15 0.39 0.43 0.17 0.58 0.26
Objtot 0.42 0.41 0.69 0.67 0.46 0.56 0.55 0.40 0.65 0.52

% Cumulative % Absolute bias
Big Rock Creek 46 55
Thundercreek 36 36
Conasauga 7 14
Kawishiwi 2 21
Youghiogheny 5 11

Figure 3.2: Cumulative bias in the long term water balance over the calibration period (equation 2.3)

3.2. Historical streamflow simulations
The 20 best performing parameter sets per catchment are used for making the historical and future climate
simulations using the CMIP6 climate models. Results of the annual daily mean streamflow simulations
using the raw and bias-corrected CMIP6 models, together with ERA5 simulations in the reference period
for the Big Rock Creek and Thunder Creek catchment, can be found in figure 3.3. This figure highlights
the effect of the linear scaling of the CMIP6 forcing data, and how this differs between the two CMIP6
models. Both climate models show, without the bias correction, significant differences in the historical
climate simulations. In the Big Rock Creek catchment, the MPI-ESM1-2-HR shows the most significant
difference between the simulations using raw or bias-corrected data, while in the Thunder Creek catchment
this is the case for the GFDL-CM4 model. Whereas in the Big Rock Creek catchment the bias correction
mainly affects mean flow magnitude, it mainly influences the timing in the Thunder Creek catchment.
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Figure 3.1: Streamflow simulations (with ERA5 forcing data) and observations in the selected catchments in 2001

Figure 3.3: Mean daily simulated streamflow in the reference period (1989-2005), using the ERA5 calibration data and two CMIP6
climate models
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3.3. Climate change impact analysis
3.3.1. Annual, seasonal and monthly changes
Figure 3.4 shows boxplots of the monthly spread of the modelled total monthly streamflow of all years in the
reference (1975-2005) and future (2070-2100) period per catchment, using the mean of the GFDL-CM4
and MPI-ESM1-2-HR simulations. Significant changes in streamflow patterns are projected in the Thunder
Creek catchment, where low winter streamflow is expected to significantly increase under both climate
scenarios. In the Big Rock Creek catchment, the projections show a large decrease in streamflow during
the dry season (May-Nov) under both climate scenarios. The Conasauga and Youghiogheny catchments
show similar changes in streamflow, where a increase in streamflow is projected during winter (Dec-Feb)
and a decrease in streamflow during the rest of the year in both scenarios. In the Kawishiwi catchment,
streamflow is expected to decrease in almost all months in both scenarios, except in February and March.

While future temperature increase is significantly higher in SSP585 than in the SSP245 scenario in all
catchments, the severity of precipitation changes differs between the two climate scenarios: in some cases,
SSP245 scenario predicts a more extreme increase or decrease in precipitation compared to SSP585.
Also, both climate scenarios show inverse predictions in some cases. As stated, the SSP585 simulations
show similar but more extreme changes in streamflow compared to the SSP245 simulations in most cases.
However, similar to future precipitation predictions, some catchments show inconsistencies between the
scenarios in some particular months. For example: in the Conasauga catchment, the SSP245 projection
shows a decrease in streamflow in January - March and September - November, while the SSP585 pro-
jection shows an increase. In January - March, this difference is also found in the projected precipitation
change for both scenarios.

Inconsistencies between change in precipitation and streamflow are commonly found in the results. In
the Big Rock Creek catchment for example, precipitation is expected to increase by about 50% in June
and July in the SSP245 scenario, while streamflow is expected to decrease. Figure 3.5 makes more vis-
ible how the climatic changes under the SSP245 scenarios are related to the streamflow projections in
the Big Rock Creek and Thunder Creek catchment. Both catchments have contrasting projections: in the
Big Rock Creek Catchment, the increase in temperature correlates to a decrease in streamflow. While
there is a significant increase in precipitation in the summer months, this does not result in an increase in
streamflow during this time. On the other hand, increasing temperature in the Thunder Creek catchment
is accompanied by an increase in streamflow, and the increase in streamflow is larger in proportion to the
change in precipitation.

Changes in the FDC per catchment are illustrated in figure 3.6, where the exceedance probability is dis-
played at a logarithmic scale. A large downward shift in the FDC is projected in the Kawishiwi catchment,
while the other catchments show a upward shift in general. The FDC in the Kawishiwi catchment suggests
a significant decrease in high flows here, which is most visible under the SSP585 scenario. In both the Big
Rock Creek and Youghiogheny catchment, the SSP245 simulations show a larger increase in high flow
exceedance. In the Thunder Creek catchment, the difference of change in high flow exceedance between
both climate scenarios is less clear. However, the steepening of the FDC slope in the Thunder Creek
catchment in the future climate simulations at the high exceedance probability area indicates a decrease
in frequency of low flows here, which is more visible in the SSP585 scenario. In the Big Rock Creek catch-
ment, the SSP585 simulations show a decrease in the slope at the high probability area between 0.2 - 0.8,
while a change is less clear under the SSP245 scenario.

Figure 3.7 demonstrates the relative seasonal streamflow changes from the GFDL-CM4 and MPI-ESM1-
2-HR simulations in the Conasauga catchment separately, for both the SSP245 and SSP585 scenario.
The figure highlights the large differences in the projections between the simulations with the individual
climate models. Inconsistencies in the streamflow projections in Sep - Nov of the Conasauga catchment
are also found in figure 3.7: in the SSP245 scenario, the streamflow projections with both climate models
show an increase in streamflow in thesemonths. However, in the SSP585 scenario, the projection using the
GFDL-CM4model shows a very large increase in streamflow, while the projection with theMPI-ESM1-2-HR
model shows a small decrease.
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Figure 3.4: Streamflow projections in the reference and future period for two the SSP245 (blue) and SSP585 (red) climate
scenarios, using the mean simulation of the two CMIP6 climate models (left), together with the mean relative changes in

precipitation (blue) and temperature (red) per catchment (right)



3.3. Climate change impact analysis 15

Figure 3.5: Relative changes in streamflow compared to relative changes of precipitation and absolute change in temperature in the
Big Rock Creek and Thunder Creek catchment under the SSP245 scenario

Figure 3.6: Changes in the flow duration curves under both climate scenarios, exceedance probability displayed at logarithmic scale

3.3.2. Changes in minimum and maximum annual streamflow
Changes in 7-days minimum streamflow magnitude under both climate scenarios are presented in figure
3.8. Where in the Big Rock Creek, Conasauga and Youghiogheny catchment both climate scenarios project
a decrease in annual low flow, the SSP245 simulations show a larger decrease (36% - 63%) in the median
of annual minimum flow than the SSP585 scenario (16% - 25%) in these catchments. In the relatively dry
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Figure 3.7: Seasonal streamflow changes in the Conasauga catchment between the GFDL-CM4 and MPI-ESM1-2-HR simulations
under both climate scenarios

Big Rock Creek catchment, the median of annual low flows is projected to decrease by 36% and 22% in
the SSP245 and SSP585 scenario respectively. Both climate scenarios have opposite predictions in the
Thunder Creek and Kawishiwi catchment, as the SSP245 simulations show a small decrease in the median
of annual low flow magnitude, while the SSP585 simulations predict an increase. Looking at the changes
in precipitation and temperature in these catchments, this is most likely caused by the different projected
temperature changes: the lower rise in temperature in the SSP245 scenario results in less snow melt in
winter compared to the SSP585 scenario, which is the period with low flow in both catchments. However,
the spread of annual minimum flow is significantly higher under the SSP245 scenario compared to the
reference, indicating that annual minimum flow will vary significantly. The median of the low flows in the
Thunder Creek in the SSP585 simulations catchment will increase significantly compared to the reference
period (+176%), which follows the high streamflow increases found in figure 3.4.

The projected changes in 7-days maximum streamflow of figure 3.9 show that maximum flow median
will increase in the Conasauga and Youghiogheny catchment under both climate scenarios, with SSP245
simulations showing a more extreme change (+26% - +27%), while in the Big Rock Creek and Thunder
Creek catchment this increase is only predicted in the SSP245 scenario (+8% - +27%). In case of the
Big Rock Creek catchment, this might be caused by disagreements in projected precipitation between the
scenarios: the SSP245 scenario shows a small increase in precipitation in the wettest month (March),
while SSP585 projects a decrease. Although the Thunder Creek catchment has a relatively small differ-
ence between the scenarios, this might be caused by more snow accumulation in winter under SSP245
compared to SSP585, in combination with faster melting processes in spring under SSP245 compared to
the reference, resulting to increasing high flows. In the Kawishiwi catchment, the median of the annual
maximum flow is projected to decrease significantly in both climate scenarios (31% - 56%), which is most
likely due to a reduction of snow melt.

Next to changes in magnitude of minimum and maximum annual flow, in most cases, both extremes are
predicted to shift in time according to the simulations of both climate scenarios. Table 3.2 presents the
mean and standard deviation of the minimum and maximum streamflow occurrence over the 30-year pe-
riod of the reference and future period, and figure 3.10 presents the corresponding mean shifts of the
annual flow extremes. The largest shift in annual minimum flow is projected in the Kawishiwi catchment
(-30 days in SSP245, -68 days in SSP585). However, this large shift goes along with a significant change
in the standard deviation of mean day of minimum flow occurrence in this catchment (+18 days in SSP245,
+55 days in SSP585), suggesting that the timing of low flows becomes more unpredictable here. In the Big
Rock Creek, Conasauga and Youghiogheny catchment, both SSP scenarios have opposite predictions in
shift of minimum flow occurrence: where the SSP245 scenario reveals a later shift, the SSP585 simulations
show a earlier shift. The Thunder Creek catchment experiences the largest shift in annual maximum flow
(-199 days in SSP245, -175 days in SSP585), accompanying with a significant increase in the standard
deviation (+101 days in SSP245, +66 days in SSP585), suggesting an increase in unpredictability and less
seasonality in maximum flow occurrence. In most cases, both SSP scenarios have similar predictions in
terms of timing of annual maximum flow, although changes under the SSP585 scenario are more extreme.
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Figure 3.8: Changes in 7-days annual minimum streamflow magnitudes

Figure 3.9: Changes in 7-days annual maximum streamflow magnitudes

Table 3.2: Mean and standard deviation of the day of occurrence of annual maximum and minimum flow in the reference
(1975-2005) and future (2070-2100) period

Reference SSP245 SSP585
doyminflow Date doymaxflow Date doyminflow doymaxflow doyminflow doymaxflow

Big Rock Creek 322 ±44 18 Nov 54 ±45 23 Feb 342 ±30 43 ±40 297 ±59 40 ±66
Thunder Creek 33 ±34 3 Feb 168 ±14 17 Jun 6 ±33 49 ±115 6 ±45 358 ±80
Conasauga 276 ±36 3 Oct 58 ±35 27 Feb 283 ±42 46 ±49 244 ±41 20 ±32
Kawishiwi 64 ±13 5 Mar 126 ±7 6 May 35 ±31 126 ±37 361 ±68 105 ±35
Youghiogheny 257 ±45 14 Sep 64 ±46 5 Mar 271 ±27 67 ±46 243 ±38 26 ±48
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Figure 3.10: Shift in day of annual 7-days annual minimum and maximum flow occurence under both SSP scenarios

3.3.3. Conclusions and linkages of hydrological changes per catchment
To give an overview, this section summarizes the projected hydrological changes due to climate change
per catchment, and draws links and conclusions based on the these.

In the Big Rock Creek catchment, the streamflow is projected to generally decrease in most months under
both SSP scenarios. Even in the dry months, a significant streamflow decrease is projected, indicating an
increasing frequency of streamflow droughts in this area. From January - May, the streamflow decrease
can be linked to a decrease in precipitation. Although, while streamflow decreases, precipitation during the
dry summer months is projected to increase, which is clearly visible in 3.5. This indicates that the effect of
changing evaporation processes or changing precipitation intensities is significantly larger then. However
streamflow is generally decreasing in this catchment, more high extremes streamflow levels are projected
in the flow duration curve (figure 3.6).

Results suggests that the Thunder Creek catchment will experience very significant streamflow changes
in the future: streamflow is expected to increase in all months, except for June and July. The increasing
streamflow median in most months may be caused by increasing melt processes due to rising tempera-
tures. On the other hand, the decreasing streamflow median in June and July may be due to decreasing
snow melt, as less snow will be accumulated during winter months. Next to this, a significant decrease in
precipitation is projected in these months, while the streamflow increase from August - October is mainly
due to increasing precipitation (figure 3.5). The streamflow increase over the year is also translated to a
significant increase in annual maximum flow under SSP585. Surprisingly, under SSP245 this increase is
not projected. The timing of maximum flow will shift from June to winter, with a shift of about -123 days in
SSP245, to -175 days in SSP585. In addition to extra glacier melt in winter due to rising temperature, more
precipitation will directly runoff instead of being stored as snow, resulting in increasing streamflow in winter.

The future simulations of both climate scenarios seem to show many disagreements between the predic-
tions in the Conasauga catchment. In some months, these disagreements are caused by disagreements
in the precipitation. Figure 3.7 showed that the disagreements were also caused by disagreements be-
tween the two climate models, as the signals of streamflow decrease in spring and summer are relatively
stronger with GFDL-CM4 than the streamflow increase with MPI-ESM1-2-HR. From March - August, the
SSP585 scenario predicts no large change in precipitation, while the streamflow decreases significantly
in these months. Possible processes causing this decrease are the decrease of melt processes of snow
from winter, and increasing evaporation rates due to rising temperatures. Although SSP245 predicts more
change in precipitation, this is not translated in a significant change in streamflow. The FDC suggests that
high flows are expected to be more frequent in both climate scenarios. Next to this, annual minimum flow
is expected to decrease, while annual maximum flow is expected to increase.

The Kawishiwi catchment is expected to see an increase in streamflow from January - February, while
streamflow is projected to significantly decrease for the rest of the year. Most importantly, given that the
catchment has a relatively cold land climate, the increase of streamflow in winter is likely caused by the
significant rising temperatures, resulting in more direct precipitation runoff and less snow storage. Conse-
quently, there will be less melt water in spring and summer, resulting in a significant decrease in streamflow
during that time. In addition, precipitation is predicted to significantly decrease from June - September.
These processes also translate into a significant projected decrease in the annual maximum streamflow.
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Lastly, the Youghiogheny catchment show many similarities with the Conasauga catchment in the sea-
sonality. Although they are located in different climate zones, geographically they are close. Nonetheless,
the Youghiogheny catchment show less disagreements between the climate scenarios. Streamflow is ex-
pected to increase from December - February in SSP585, and until April in the SSP245 scenario. This
increase is caused by the projected increase in precipitation and likely be caused by less snow storage
during these months. Streamflow is expected to decrease in May and June under both scenarios, which
is caused by a decrease in preciptiation. Although streamflow will generally slightly decrease from July -
October, these changes are not significant. Looking at the expected changes in forcing during that time,
this slight decrease in likely caused by rising evaporation rates. The simulations in the SSP245 scenario
show a larger spread over the year compared to SSP585. This is also visible in the FDC, where higher
flows will occur more common in SSP245 simulations. Next to this, annual maximum and minimum flow is
expected to change more extreme in the SSP245 scenario.

3.3.4. Uncertainty analysis
The uncertainty is quantified based on the spread of the results between all parameter sets using one
CMIP6 model, and a large ensemble of CMIP6 models using one parameter set. Figure 3.11 presents the
spread originating from the different parameter sets (left) and the climate models (right) in the Conasauga
catchment under the SSP585 scenario. In these figures can be seen that the spread originating from the
climate models is significantly larger than the spread originating from the different parameter sets of the
hydrological model. Where the differences between the parameter sets are mainly visible in the magni-
tude, the simulations with the different climate models show large differences in both timing and magnitude.

The simulations using the different climate models show large differences in the timing of annual maxi-
mum flow. To see how these differences relates to the projected changes in timing of annual maximum
flow in table 3.2, the spread of annual maximum flow occurrence between the simulations using all climate
models is shown in figure 3.12. In this figure, also the day of 7-day maximum flow occurrence using the two
selected CMIP6 models are indicated (using one parameter set), together with the historical observation.
The simulation using GFDL-CM4 appears to be an extreme projection in terms of annual maximum flow
timing compared to the total distribution. TheMPI-ESM1-2-HR simulation projects a smaller shift compared
to most other CMIP6 models. Nevertheless, the boxplot further indicates that annual maximum flow is very
likely to occur earlier in the year in the Conasauga catchment.

Figure 3.12 shows the boxplots of the spread of the simulated total monthly streamflow of all individual
years in the future (2070 - 2100) under the SSP585 scenario, using the individual simulations of GFDL-CM4
dataset with the 20 individual parameter sets (blue), and the 28 CMIP6 datasets using one parameter set
(black). The large spread of the different results are not directly translated into a much larger spread in
streamflow in the individual months: from February - August, the spread of the different climate models
is larger than the spread of the individual parameter sets, but in the rest of the year, the spread of the
parameter sets is larger.

Figure 3.11: Mean daily simulated streamflow in the SSP585 scenario (2070-2099) using 20 parameter sets and the GFDL-CM4
model (left), and using 28 CMIP6 models with one parameter set (right). The black line in the left figure is the result of the selected

parameter set used in the comparison between the 28 CMIP6 simulations.
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Figure 3.12: Left: boxplots of the total monthly streamflow of all individual years in the future (2070 - 2100) under the SSP585
scenario, using the individual simulations of GFDL-CM4 dataset with the 20 individual parameter sets, and the 28 CMIP6 datasets
using one parameter set. Right: spread of annual maximum flow occurrence between the simulations using all climate models in

(SSP585), together with the two selected climate models and the observation in the reference period.
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Discussion

This chapter discusses the results found in chapter 3. First, Section 4.1 focuses on model calibration and
validation and the historical streamflow simulations, Section 4.2 discusses the results of the climate change
impact analysis, and section 4.3 focuses on the used modeling approach.

4.1. Historical streamflow simulations
4.1.1. Calibration and validation
The hydrological model was calibrated using forcing data from ERA5 and streamflow data from GRDC.
These are both open-source datasets, which makes them well applicable in a reproducible modeling ap-
proach. However, as the ERA5 dataset is not based solely on observations, its use for model calibration
has some drawbacks. Although ERA5 show good capabilities in reproducing forcing data for hydrological
modeling purposes in some areas (Bandhauer et al., 2022, Reder and Rianna, 2021), most biases in the
dataset compared to observations are linked to precipitation, and there are some significant biases in the
data in some areas of the United States (Tarek et al., 2020). For streamflow in catchments that are pre-
dominantly influenced by precipitation, it is expected that this can lead to large errors between simulation
and observation. Additionally, ERA5 is a gridded dataset, while precipitation events can have a very high
local variability, this gives extra uncertainties in streamflow simulations (McMillan et al., 2012). Particu-
larly in small catchments like the Big Rock Creek catchment, this could lead to complications due its high
sensitivity to small space and time scales (Fabry et al., 1994, Mendoza et al., 2016). This sensitivity could
explain the relatively low score in the NSEtimeseries in this catchment.

This study used the semi-distributed HBV-mountain hydrological model as developed and utilized in the
study of Hanus et al. (2021). This model is developed for hydrological analysis in Alpine catchments,
and is based on the widely used HBV hydrological model (Seibert and Bergström, 2022, Bergström and
Forsman, 1973). The calibration and validation results have lower scores in the total objective function
compared to the results found in the Alpine catchments of Hanus et al. (2021). As discussed, one impor-
tant reason for this difference in performance is the use of ERA5 forcing data rather than direct observation
data for calibration. The NSE scores in the Thunder Creek are also lower, even though this is the catch-
ment having the most similar characteristics compared to the Alpine catchments analysed in Hanus et al.
(2021). Although the model is designed in such a way that the land use and elevation proportions can
be adjusted accordingly to the actual proportions in the catchment, the calibration results suggest that the
HBV-mountain model performs better in more mountainous catchments in case of using ERA5 forcing data
for calibration. In contrast to the other catchments, the streamflow in the Thunder Creek catchment is pre-
dominantly influenced by glacier melt, and thus relatively insensitive to imperfections in the precipitation
forcing. Considering the used modeling approach, this hydrological model was well applicable for repro-
ducible use in different catchments because of its relatively low complexity and little required input data.

The model was optimized using the CMA-ES, which resulted in 50 different optimized parameter sets
per catchment, from which the 20 best scoring parameter sets were selected for use in the hydrological
analysis. The advantage of CMA-ES is that it is a relatively efficient optimization method, as it optimizes
within the search space of attraction, which makes this method more efficient than generating random pa-
rameter set samples (Poissant et al., 2017). This makes this method suitable in the reproducible modeling
approach, as it is possible to generate a well-performing parameter set within a few iterations. However,
a trade-off of using this method is its complexity and premature stagnation (Jin et al., 2020), meaning that

21
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the method is unable to search for parameters outside the bounds of convergence. However, performing
multiple calibration processes with this strategy tackles the latter limitation to some extent. After calibration
using the CMA-ES optimization, it was found that some catchments had individual objective scores with
lower NSE scores than the suggested lower limit of a NSE score (NSE > 0.50, for streamflow), as reported
in the literature (Moriasi et al., 2007). Although, considering the imperfections of the ERA5 forcing data,
the catchments have reasonable scores in the total objective function. Lowest Objtot scores were found in
the Big Rock Creek and Kawishiwi catchment, which are the two most contrasting catchments in terms of
climate and land use. As stated, one reason for the low score in the Big Rock Creek catchment is its high
sensitivity to small space and time scales, what makes ERA5 forcing less suitable here. Nevertheless, the
HBV-mountain model captured low flows and flow frequencies relatively well in this catchment. Addition-
ally, it was found that HBV models produces larger errors in streamflow compared to the precipitation input
error (Kobold and Brilly, 2006). In case of the Big Rock Creek catchment, which is likely to have a larger
precipitation error compared to the other catchment, this has probably led to extra large streamflow errors.
As found in section 3.1, the low Objtot score in the Kawishiwi catchment is mainly due to low NSElog timeseries
and NSEannual runoff scores. Since the Kawishiwi flows through several lakes, the catchment has a large
capacity to sustain water, which places emphasis on low flows in particular (Engeland and Hisdal, 2009).
Therefore, given the low performance in capturing low flows, a better representation of the lakes in this
catchment would give better calibration results. However, in the currently used modeling approach this
has not been implemented yet.

All objectives in the multi-objective function were calculated using the Nash Sutcliffe Efficiency. The draw-
backs of using the NSE for model calibration and validation this method are widely discussed in the liter-
ature (Gupta et al., 2009, Krause et al., 2005, Jain and Sudheer, 2008). One limitation of this method is
its sensitivity to large data outliers, although this limitation is partly tackled by using the logarithm of the
streamflow as well. This sensitivity is especially high in catchments having a flashy streamflow regime, like
Big Rock Creek, as the differences in magnitude between high and low flows on a small timescale are more
significant here. The use of the NSE together with the annual runoff as objective exposed the sensitivity
of the NSE to a relatively small set of data points. However, the advantage is that it highlighted the per-
formance over a lower time resolution. Within the multi-objective functions, four different objectives were
used for the calibration and validation (timeseries, logarithm of timeseries, flow duration curve and annual
runoff). However, using more different objectives for optimization could enhances the model’s credibility
(Efstratiadis and Koutsoyiannis, 2010), this number of objectives reduced the complexity of the CMA-ES
calibration while ensuring recognition of the consistency between some signatures.

In case no other evapotranspiration data is provided, the model uses the Thorntwaite method for esti-
mating daily potential evapotranspiration, which was also done in this study. The advantage of using this
method is that is requires less data compared other methods of estimating evapotranspiration (Aschonitis
et al., 2022), which makes it well suitable for use in a reproducible modeling approach for climate change
impact assessment, as the amount of different available climatic data is often limited in the CMIP6 datasets.
However, some studies show that the Thornthwaite method generally overestimates potential evapotran-
spiration in humid climates and underestimates it in dry climates, and therefore the estimates may be
unreliable in some cases (Pereira and Pruitt, 2004, Trajkovic and Kolakovic, 2009, Chen et al., 2005, Lu
et al., 2005).

In order to estimate the bias between simulated and observed streamflow, the long term water balance
between the ERA5 precipitation, simulated evapotranspiration and observed streamflow was examined
(equation 2.3). The bias was estimated by the looking at the difference between observed streamflow
and the incoming (ERA5 precipitation) and outgoing (evapotranspiration) fluxes in the catchment, while
neglecting change in storage. Results showed that the catchments were all having a growing bias over the
years, although the direction of growth differed. There are multiple factors affecting the bias and its direc-
tion: firstly, as discussed, a major factor influencing the total bias is the ERA5 precipitation. Secondly, the
large bias found in the Thunder Creek catchment in combination with a relatively good model performance
suggested that neglecting the change in storage cannot be done in all cases. Although change in glacier
extent is assumed to be zero, the large bias suggested that glacier melt is a large contributing factor in the
water balance. Due to the constant increase in bias, the results can be linked to a decrease in the size
of the glacier in reality. Thirdly, given the uncertainty of the Thornthwaite method for estimating potential



4.2. Climate change impact projections and uncertainties 23

evapotranspiration, the estimation of actual evapotranspiration is likely to have a share in the total cumu-
lative biases of the long term water balance as well. In the relatively dry Big Rock Creek catchment for
example, the Thornthwaite method likely underestimated the potential evapotranspiration, which made the
total bias in this catchment less negative. In contrast, the potential evapotranspiration in the relatively wet
Thunder Creek is likely to be overestimated, making the bias more negative here. Lastly, another factor
affecting the bias are streamflow observation errors. Given the order of magnitude of the biases, the use
of ERA5 precipitation data is likely to contribute most to the total bias in most catchments.

4.1.2. Historical simulations using CMIP6 climate models
Historical streamflow simulations were made using the GFDL-CM4 and MPI-ESM1-2-HR datasets from
CMIP6. These simulations were made with the ERA5 calibrated model, and therefore the CMIP6 datasets
were bias-corrected to prevent for systematic misleadings of the climate simulations due to anomalies be-
tween the ERA5 and CMIP6 data. This study used the Linear Scaling as bias correction method. Figure
3.3 highlighted the importance of bias correction of the CMIP6 data, as large differences between simula-
tions using bias-corrected data and simulations using the raw CMIP6 data were observed. The advantage
of using the Linear Scaling method for bias correction is that it is a relatively simple approach to correct for
daily mean values and variability. Although the method has proven to be a good corrector of mean daily
data, a limitation of this method is that it is not able to correct for other statistical properties, such as the
the frequency of dry days and the intensity of wet days (Teutschbein and Seibert, 2012).

4.2. Climate change impact projections and uncertainties
The changes in streamflow due to climate change were analysed using the simulations of a reference (1975
- 2005) and future (2070 - 2100) period. All simulations were made using the modeling approach described
in section 2.6. This section discusses the results found in the climate change impact assessment by using
this approach.

The results showed different projections per catchment. Given the differences in validation scores, the
uncertainties of the projections of future hydrology vary between the catchments. First, the calibration
results in the Big Rock Creek catchment indicated that the model scores poorly in capturing high flows,
which was also highlighted in the simulations of 2001 (figure 3.1). Next to this, the large cumulative bias
indicated that the streamflow is generally underestimated here, making it likely that future high flows are
underestimated as well. Therefore, the predictions in the wet seasons are more unreliable, including the
analysis of change in annual maximum flow. The predictions in the dry season are more reliable, as the
model was able to capture low flows relatively well in this catchment. The projected changes in high flows
are also more uncertain in the other catchments due to their relatively low NSEtimeseries scores, but to a
lesser extent than the Big Rock Creek catchment. Based on figure 3.1, the simulations in some catchments
seem to miss many peak flows, which indicates that the exact magnitudes of change are very uncertain.
Still, the results gives an indication of the direction of change, and an estimate of the order of magnitude
of relative change that can be expected in the catchments.

Results showed that both SSPs often agree on the direction of change, although there are some signifi-
cant differences in the magnitude of change. Also, some cases showed some disagreements in direction
of change. These differences were often caused by the large differences in precipitation data, although
in some cases, this was caused by differences between temperature projections. This last behaviour is
mostly reflected in the Thunder Creek and Kawishiwi catchment, which are relative cold catchments, as
changes in snow accumulation and melt processes are most significant here, which is translated to signif-
icant changes in streamflow.

To reduce the complexity of the modeling process, it was chosen to assume no future changes in glacier ex-
tent in the Thunder Creek. However, many studies show the importance of considering changes of glacier
extent in hydrological impact studies (Li et al., 2015, Luo et al., 2013, Frans et al., 2018). Although some
relatively easy approaches on modeling future glacier retreat exist (Seibert et al., 2018, Huss et al., 2010),
they require additional input data which is often not readily available. To demonstrate the reproducibil-
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ity of the modeling approach, a more simplistic approach is chosen. Nevertheless, this induces a higher
uncertainty in the future hydrological projections in this catchment. For example, a study on predicting
streamflow changes due to glacier melt in the same catchment predicted less contributing of glacier melt
to summer flow due to a decreasing glacier extent at the end of the 21st century (Frans et al., 2018). Given
this, the predictions in summer flow are likely to be underestimated, as the currently predicted increases
only account for a precipitation and snow melt decrease. On the other hand, neglecting the change in
glacier extent does give extra insights on the dynamics on streamflow change caused by these two factors
(Van Tiel et al., 2018). Another simplification was the neglection of future land use changes in the modeling
approach. Because of the different land use proportions included in the hydrological model, which are all
having some different parameters, this additionally increases the uncertainty, as land use changes can
have a significant effect on hydrology (Jaramillo and Destouni, 2014). However, future land use changes
are a large source of uncertainty (McGlynn et al., 2022). This is, in addition to the same reason for ne-
glecting glacier change, another reason why it was not considered in this study.

Figures 3.3 and 3.7 highlighted the differences in historical and future seasonal projections between the
results of both climate models. Although the climate model uncertainty is reduced by using the average
of the results with multiple climate models, the results indicate the importance of using more (than two)
climate models to increase the reliability of the predictions. This is in line with other studies focusing on the
climate change impact on streamflow, where it is found that the climate models are the largest contributing
factor on uncertainty on streamflow predictions due to disagreements between the models (Kiesel et al.,
2019, Melsen et al., 2018 De Niel et al., 2019). Using a large ensemble of climate models alleviates the
impact of uncertainty within individual modes, and would thus give a better representation of the overall
climate change prediction. Next to this, the relatively low resolution of the ERA5 compared to some catch-
ment sizes possibly resulted in imperfections of the precipitation input during calibration, as discussed in
4.1.1. This uncertainty also applies to the climate models, which have an even lower resolution compared
to ERA5 data (2.2). To see how the uncertainty originating from the different parameter sets relates to
the uncertainty of the climate models, section 3.3.4 illustrated the results of 20 different parameter sets
using one climate model, and the results of 1 parameter set using an ensemble of 28 CMIP6 models.
This is also done to give an indication of how the two selected climate models relate to a large ensemble
of CMIP6 datasets in one catchment. The results further indicated that the largest uncertainty originates
from the climate model choice. This is specifically visible in the projected mean annual 7-day maximum
streamflow occurrence in the SSP585 scenario (figure 3.12). The results here showed that the simulations
using GFDL-CM4 showed the most extreme shift in the annual 7-day maximum flow of all CMIP6 mod-
els compared to the observation, while the MPI-ESM1-2-HR simulations projected a relatively small shift.
Since the results of table 3.2 were made based on the average of the simulations with both climate mod-
els, the projected change in annual 7-day maximum flow is in the mean space of all CMIP6 projections in
this case, but more different climate models are needed for making a more reliable climate change impact
assessment.

4.3. Reproducible modeling approach
The first goal of this study was to design a modeling process in a way that it is easily reproducible in other
catchments, and using different climate models and scenarios. This section discusses and summarizes
the strengths and weaknesses of the developed modeling approach, and how this relates to the results
found in the climate change impact assessment. Additionally, some recommendations are given for further
improvements.

First of all, the modeling approach is designed in a way that little input data is required, and that only
openly accessible datasets are used. For the model set-up, this includes the NLCD land cover map,
(SRTM) elevation map and the catchment shapefile. For model calibration and making the streamflow
simulations, this includes the (GRDC) streamflow observations and the ERA5 and CMIP6 datasets, for
which the precipitation and temperature data are generated using the ESMValTool recipe. A limitation of
using the NLCD dataset is that results are currently only reproducible in the United States, although other
areas can be includes as well by implementing other land use maps (e.g. CORINE Land Cover for Europe
https://land.copernicus.eu/pan-european/corine-land-cover, last access: 29 November 2022). Consider-
ing the forcing generation, a requirement is that both ERA5 and CMIP6 datasets must be available in the
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working environment. In the current used modeling approach, ERA5 data is obtained using the ESMVal-
Tool recipe on the eWaterCycle platform, and the CMIP6 data is generated on the HPC cluster ”Levante”
from DKRZ. Thus, exact reproduction of the forcing generation (following the process of notebook 1 in
figure 2.4) is currently only possible with a user account on both platforms.

In the used approach, users can flexibly adjust settings by scenario and catchment area. Because of
the efficiency of the CMA-ES calibration process, users are able to quickly generate parameter sets for
making future streamflow simulations. As can be seen on figure 2.4, reproducing the results for another
catchment is only a matter of downloading the necessary GRDC observation data of this catchment and
changing the shapefile (which is automatically given along with the GRDC observation data). Producing
results with another climate model is a matter of changing the name of the CMIP6 model. This makes it
easy to expand this study to a large ensemble of different catchments, CMIP6 models and future climate
scenarios by using this approach.

The modeling approach was used in catchments having a drainage area ranging from 59.3 - 657.9 km2,
which is relatively low compared to other catchments available in the GRDC dataset. Analysing larger
catchments using this hydrological model is less reliable with the used approach, due to increasing precip-
itation heterogeneity at larger catchment scales. This heterogeneity can be implemented in the modeling
approach by using different precipitation zones, as shown in the study of Hanus et al. (2021). In case large
precipitation zones are used, a time lag function might be needed as well.

The current modeling approach uses a set of four objective functions for model calibration in all selected
catchments. To further increase the flexiblity in the calibration process, the modeling approach should be
adjusted in a way that users are able to choose for a different set of objective functions per catchment.
For example: if modelers are mostly interested in analysing changes in peak flows, the peak distribution
(Euser et al., 2013) could be additionally used in the multi-objective function, or in case the streamflow
in a catchment is highly influenced by baseflow, the base flow index could be included in the calibration.
To implement this flexible calibration approach, more objective functions should be added in the modeling
approach.

Despite its flexibility and reproducibility, the designed modeling approach has some limitations, as dis-
cussed in sections 4.1 and 4.2. First, although ERA5 data is easily and openly accessible, it reduces
the reliability of the results. Second, some simplifications of the hydrological processes in the hydrolog-
ical model puts major limitations on the modeling approach. In case of the analysed catchments, these
limitations mainly include disregarding the glacier retreat processes in the Thunder Creek catchment and
the lake processes in the Kawishiwi catchment. In order to make the modeling approach more flexible,
the modeling process must be further developed so that these processes can be included. In case of the
implementation of glacier retreat, this could be in the form of an additional glacier model that gives the
glacier area at a certain time step in a form that can be used in the hydrological model for each new time
step. Furthermore, it is not possible to account for land use changes in the modeling process. Change in
land use caused for example by transition from forest land to grassland due to deforestation, but also by
an increase in developed (urban) area. Urban areas are characterized by their low perviousness, which
leads to a very different hydrological response compared to natural conditions (Guan et al., 2015). Al-
though urban land use is not present or very negligible in the selected catchments, the hydrological model
is not able to reflect this land use. Nevertheless, in case other catchments that have a more significant
percentage of developed area will be analysed or where this is likely to change in future. This can possibly
be implemented in the hydrological model in the form of an additional HRU. However, this will require a
significant modification of the model codes used in the current the modeling process.

The notebooks for forcing generation, model calibration and making the historical and future streamflow
simulations are currently designed specifically for the HBV-mountain hydrological model. Nevertheless, the
processes are built on the same methods used for the other hydrological models on eWaterCycle. Forcing
generation for other models can be easily done by using the corresponding ESMValTool recipe and diag-
nostics script. The ESMValTool recipe and diagnostics scripts for the eWaterCycle models are currently
available in the ESMValTool environment, but they are designed for generating forcing from the ERA5 and
ERA-Interim data sets only. Although changing this for generating CMIP6 data is mainly a matter of chang-
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ing the data set name, not all necessary forcing data for the specific hydrological models may be available
in the listed available CMIP6 models for the HBV-mountain model (see Appendix B.4). Considering the
model calibration and running the streamflow simulations, the model set up is specifically applicable for
the HBV-mountain model as well, but because of the BMI structure, the remainder of the processes will
be very similar to other BMI models. For CMA-ES calibration of other hydrological models however, other
parameter constraints applicable for the specific model must be given as well. Thus, even though the used
methods should be applicable for the other eWaterCycle models, using another hydrological model in the
modeling process requires some adjustments in the model functions.



5
Conclusion

In this thesis, a reproducible modeling approach for conducting a climate change impact assessment on
streamflow was developed and tested in five different contrasting catchments accross the United States.
The modeling process was designed such that the analysis can be done with three separate notebooks:
one notebook for generating forcing using the ESMValTool, one notebook for model calibration and one for
making the historical and future climate simulations. In each notebook, the settings can easily and quickly
be changed for analysing a different catchment, climate model or scenario. The analysis was done using
the HBV-mountain hydrological model, which was calibrated for every catchment using GRDC streamflow
data and ERA5 forcing. The model performances were different per catchment: highest calibration and
validation scores were found in the Thunder Creek catchment, which is characterized by its glacial cover
and large differences in altitude. Lowest scores were found in the relatively dry Big Rock Creek catchment
and the Kawishiwi catchment. The low score in Big Rock Creek was caused by inaccurate precipitation
data, while in the Kawishiwi catchment this was likely related to the exclusion of the lakes in the hydrological
model. The analysis of climate change impact on streamflow was done by using forcing from the GFDL-
CM4 and MPI-ESM1-2-HR models from CMIP6 for two future climate scenarios (SSP245 and SSP585).
After comparing historical (1975 - 2005) simulations with the future (2070 - 2100) projections, it was found
that all catchments will experience changes differently due to climate change. Changes in warmer catch-
ments were mostly related to changes in precipitation and evaporation. Projections showed that these
catchments will generally experience a streamflow decrease during the drier periods in both climate sce-
narios, while changes during the rest of the year vary per catchment and climate scenario. Changes in
colder catchments were likely to be related to changing patterns in snow accumulation and melt processes.
Projections here showed both an increase and decrease in streamflow, most likely due to an increase in
glacier melt and a reduction in snow melt respectively. However, the results remain very uncertain due to
imperfections of the ERA5 calibration data, disagreements between climate models and simplifications in
the modeling process. The modeling approach presented in this study facilitates reproducibility in assess-
ing the impact of climate change streamflow. This makes it easy to expand a similar analysis to a large
ensemble of catchments, climate models and future scenarios.
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A
Implementation of the HBV-mountain
model to the eWaterCycle platform

A.1. Add a BMI to the hydrological model
One goal of this thesis work was to rewrite the HBV-mountain hydrological model, developed in the work
of Hanus et al., 2021, such that it can be implemented on the eWaterCycle platform. Before a model can
be implemented to eWaterCycle, a Basic Model Interface (BMI) must be added to the model. In short, the
BMI is an interface, which provides a standardized set of functions, allowing users to reuse the model in a
straightforward way (Hutton et al., 2020). Therefore, the first step of adding the model to eWaterCycle is
to add a BMI to the model. BMI is currently supported in the following programming languages: C, C++,
Fortran, Java, and Python (CSDMS, https://bmi.readthedocs.io/en/latest/, last access: 1 September 2022).
All model codes from this study were reused in this study (sarah-hanus, 2021), and modified in a way so
that the BMI can be added to the model.

Since the original code of the HBV-mountain model used in Hanus et al. (2021) is written in Julia, a BMI
implementation for the Julia programming language was written first. This was done by creating a HBV-
mountain model Julia mutable object containing all model components (see figure A.1). This object can
be used in all BMI functions. Then, the Julia BMI functions were wrapped into a Python BMI, using the
Pyjulia Python package. This is done to ensure that the model can be installed together with grpc4bmi
inside a Docker container (see appendix A.3). The features of the HBV-mountain (Julia) BMI model and a
brief description of the workflow of how this BMI can be used is described in Appendix B.1.

Link to the Julia BMI implementation: https://github.com/vhoogelander/BMI_HBVmountain_streamflow_
analysis/blob/master/HBVmountain/General/Refactoring/Julia_BMI_model.jl

Link to the Python BMI wrapping: https://github.com/vhoogelander/BMI_HBVmountain_streamflow_analysis/
blob/master/HBVmountain/General/BMI_HBVmountain_Python.py

A.2. ESMValTool
In eWaterCycle, forcing data for the hydrological models is generated using the ESMValTool, which is a
tool to generate and analyse climate data from large climatic data sets (Righi et al., 2020). Important com-
ponents of this are a ESMValTool recipe and a diagnostic script: the recipe contains instructions which
are needed to generate the desired forcing data. The main instructions mainly include the directory and
name of the basin shapefile, the climate dataset from which data is to be retrieved, the desired variables,
the start and end year and which diagnostics script should be used. The diagnostics script is a Python
script containing the several functions which are used to obtain the desired data in the manner specified in
the recipe. Next to this, an ESMValTool configuration file is needed which contains information needed by
ESMValTool to run, which is mostly related to directories of the stored climate datasets, the output of the
ESMValTool runs and the auxiliary data.

As ESMValTool recipes and diagnostic scripts are often written for very specific purposes (e.g. forcing
input for a specific hydrological model), a new recipe is written for the HBV-mountain model. For this, the
example recipe + diagnostics script of the MARRMoT hydrological model (Knoben et al., 2019) was used
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Figure A.1: HBV-mountain Julia model object (right), individual HRU input object and parameter objects

and adapted for use of the HBV-mountain model. The MARRMoT model requires precipitation and poten-
tial evapotranspiration as model forcing input, while the HBV-mountain model requires precipitation and
temperature as forcing input. Therefore, the MARRMoT recipe and diagnostic script had to be rewritten in
order to obtain precipitation and temperature data using ESMValTool.

The ESMValTool recipe for generating CMIP6 forcing for the HBV-mountain model can be found at: https://
github.com/vhoogelander/Thesis/blob/master/ESMValTool/esmvaltool/recipes/hydrology/recipe_HBVmountain.
yml.

The diagnostics script corresponding to this recipe can be found at: https://github.com/vhoogelander/BMI_
HBVmountain_streamflow_analysis/blob/master/ESMValTool/esmvaltool/recipes/hydrology/recipe_HBVmountain.
yml.

Link to the configuration file used on Levante: https://github.com/vhoogelander/BMI_HBVmountain_streamflow_
analysis/blob/master/config-user.yml.

https://github.com/vhoogelander/Thesis/blob/master/ESMValTool/esmvaltool/recipes/hydrology/recipe_HBVmountain.yml
https://github.com/vhoogelander/Thesis/blob/master/ESMValTool/esmvaltool/recipes/hydrology/recipe_HBVmountain.yml
https://github.com/vhoogelander/Thesis/blob/master/ESMValTool/esmvaltool/recipes/hydrology/recipe_HBVmountain.yml
https://github.com/vhoogelander/BMI_HBVmountain_streamflow_analysis/blob/master/ESMValTool/esmvaltool/recipes/hydrology/recipe_HBVmountain.yml
https://github.com/vhoogelander/BMI_HBVmountain_streamflow_analysis/blob/master/ESMValTool/esmvaltool/recipes/hydrology/recipe_HBVmountain.yml
https://github.com/vhoogelander/BMI_HBVmountain_streamflow_analysis/blob/master/ESMValTool/esmvaltool/recipes/hydrology/recipe_HBVmountain.yml
https://github.com/vhoogelander/BMI_HBVmountain_streamflow_analysis/blob/master/config-user.yml
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A.3. Docker container
The modeling approach is stored in a Docker container with grpc4bmi server running as entrypoint. This
is done by creating a Docker image using the Dockerfile which can be found in the Github repository. This
allows users to use the model without the need of installing all necessary software. Next to this, by using
grpc4bmi, it is possible to communicate with the model from outside the container. This is necessary for
later implementation on the eWaterCycle platform. The used steps in the Dockerfile are briefly summarized
below:

1. Create a layer from the continuumio/anaconda3 base image.

2. Install grpc4bmi package (version 0.2.3).

3. Install Julia.

4. Install necessary Python packages, including the BMI packages.

5. Install necessary Julia packages.

6. Install GCC compiler.

7. Install PyJulia using a custom Julia system image. This is necessary because the Python interpreter
is statically linked to libpython.

8. Run BMI server.

9. Expose grpc4bmi port.

Link to Docker hub: https://hub.docker.com/repository/docker/vhoogelander/hbvmountain

https://hub.docker.com/repository/docker/vhoogelander/hbvmountain
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B.1. Features of the HBV-mountain BMI model
As discussed, the Python BMI wraps a Julia BMI which was developed for the HBV-mountain model. This
section discusses the functionalities of the most important BMI functions which are needed for the model
run, and which processing functions are used in the developed BMI for the HBV-mountain model. All
developed code ode is available from https://doi.org/10.5281/zenodo.7405678 (Hoogelander, 2022)

HBV-mountain BMI model object
First, an empty HBV-mountain BMI model object is created for use in the Python BMI functions. This
object has the structure of the Julia object shown in figure A.1. The user should give the precipitation and
temperature data in a NetCDF file while creating the model object. In case the catchment related settings
in the model must be preprocessed automatically, the users must give the path to the catchment shapefile,
DEM and NLCD land use map as well.

Setup
Creates a configuration file based on the given forcing and paths to the catchment’s shapefile, DEM and
NLCD land use map. In this function, users can give the parameter set to the model, and the function
will store these as a Julia HBV-mountain parameter object which can be used in the Julia functions of the
model. The forcing data of the NetCDF file is converted to a CSV file containing the dates, precipitation and
temperature and is given to the model object. In addition, the catchment related settings are automatically
processed using the shapefile, DEMand land usemaps. After all relevant model settings are preprocessed,
the function returns the configuration file (Julia object) using a Julia setup function. In case no parameter
set or shapefile is given to the empty model object, the setup function returns a configuration file with some
default values for the model setup.

Initialize
This function initializes the empty HBV-mountain with the created configuration file of the setup function.
In the Python BMI, a initializing function implemented in Julia is invoked, which replaces the empty HBV-
mountain model object with the configuration file.

Update
The update function updates the model for one time step, and invokes the BMI update function in Julia,
which invokes the Julia model functions. First, in case no potential evapotranspiration data is given, the
daily potential evapotranspiration is calculated using the Thorntwaite method. Then, the discharge, total
evaporation, snow extend, water balance and storage per HRU at timestep t+1 are calculated using the
model run function with the model state at timestep t as input. The output of this function is given to the
new model state.

Get value
The get value function takes a model variable name, and returns the corresponding value of the model
state.

36
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Set value
The set value function takes a model variable and overwrites this specific variable in the model state. The
user is for example able to manually give specific forcing data to the model in the form of an array without
the need of a NetCDF file. In case all forcing data is manually given to the model, a list of the dates must
be given as well.

Finalize
This function clears the model, and should be used when the user is finished with the model runs.

The workflow of how the BMI model is used for the simulations is summarized below:

1. Create a HBV-mountain model object, and give the forcing and the locations of the catchment shape-
file, DEM and NLCD map to this object.

2. Create a configuration file, containing some initial model settings.

3. Initialize the HBV-mountain model object using the BMI initialize function with the created configura-
tion file as input.

4. Update the BMI model state using the BMI update function. Time series of streamflow simulations
can be created using a loop, by adding the model discharge state to a list within this loop after each
model update.

B.2. Code structure
The general folder contains four different notebooks: the three notebooks described in section 2.6, and
one example notebook for making a single model run. This section provides some guidance on the code
structure on which the functionalities in the notebooks are built.

Figure B.1: Code structure in the general folder

Generate forcing
The forcing notebook currently operates only on the HPC cluster ”Levante” for generating CMIP6 data and
the eWaterCycle environment for generating ERA5 data. The functions in this notebook are mostly build on
the ESMValCore Python package. The YAML file containing the list of available CMIP6 models is located
in the Data folder. Next to this, the notebook uses a local version of the ESMValTool (not present in the
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general folder), containing the necessary recipe and diagnostics script of the HBV-mountain model. This
local version of ESMValTool is available on the Github repository of this project. The shapefiles used for
generating the forcing data for the specific area must be located in an auxiliary data folder (not present in
the general folder). Lastly, the ESMValTool configuration file indicates in which locations the datasets and
auxiliary data are stored.

Model Calibration
The model calibration entails notebook 2, and is built on the utils, Calibration and Validation Python files
and all Julia files in the Refactoring folder. The Calibration file contains all functions related to the CMA-ES
calibration process and the different objective functions. The Validation file contains the validation function,
in which the streamflow simulations from the calibration are returned as well. The functions in both files
are partly build on several Python packages and preprocessing functions which are imported from the utils
file. The preprocessing functions of the utils file are related to the catchment related settings, converting
the NetCDF files to forcing for the HBV-mountain model and the bias correction of the CMIP6 data. The
BMI model functions used in the calibration and validation processes are built on the Julia_BMI_model file
in the Refactoring folder. The Julia BMI function uses the different model functions developed in the work
of Hanus et al. (2021). The model run is done in the run_model Julia file, which performs the run of the
semi-distributed bucket model. This file is again build on several model functions from the other Julia files.

Climate change impact analysis
The climate change impact analysis of notebook 3 is build on the Climate_Analysis Python file, and again
on the utils file and Julia files in the Refactoring folder. The Climate_Analysis file contains the function
for running the historical and future streamflow simulations, using the parameter sets obtained from the
calibration. Like in the calibration and validation, themodel set up is done using the preprocessing functions
from the utils file, and the BMI functions for making the simulations are built on the Julia functions from the
Refactoring folder.

B.3. Increasing computation speed for model calibration
In order to reduce the equifinality of the hydrological model, an ensemble of good performing parameter
sets is used for the climate change impact analysis. This done by selecting the 20 best parameter sets of 50
different CMA-ES optimization processes. As each optimization requires many model runs, the total com-
putation speed was increased by performing the different model run functions on the HPC cluster ”Levante”,
using the Message Passing Interface (MPI) for Python (https://mpi4py.readthedocs.io/en/stable/intro.html,
latest access: 30 November 2022). The Python script used for this can be found in the General folder, and
is based on the functions used in the calibration notebook.

Another effective way of reducing the calibration time is to use less iterations in the CMA-ES. The fig-
ures of Appendix C.3 show how the score of the multi-objective function evolves over the iterations in all
catchments for one CMA-ES calibration process. As can be seen, the objective score did not noticeably
increase after only a few iterations in the Big ROck Creek and Kawishiwi catchments for example. Almost
all cases show that a sufficiently performing parameter set can be generated after only a few iterations,
and that using this a large number of iterations is not necessarily associated with a large performance
increase. In the future, the user should firstly determine the extent to which increasing iterations leads to
a performance increase, before starting with a large calibration process.
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B.4. Available CMIP6 models
Table B.1: CMIP6 datasets listed in the YAML file for generating historical and future forcing for the HBV-mountain model

CMIP6 dataset SSP119 SSP126 SSP245 SSP370 SSP434 SSP460 SSP585
ACCESS-ESM1-5 x x x x
BCC-CSM2-MR x x x x
CanESM5 x x x x x x x
CESM2-WACCM x x x x
CNRM-CM6-1 x x x x
CNRM-CM6-1-HR x x x x
CNRM-ESM2-1 x x x x x x x
EC-Earth3 x x x x x x x
EC-Earth3-CC x x x
EC-Earth3-Veg x x x x x
EC-Earth3-Veg-LR x x x x x
FGOALS-g3 x x x x x x x
GFDL-CM4 x x
GFDL-ESM4 x x x x
IITM-ESM x x x x
INM-CM4-8 x x x x
INM-CM5-0 x x x x
IPSL-CM6A-LR x x x x x x x
KIOST-ESM x x x
MIROC6 x x x x x x x
MIROC-ES2L x x x x x
MPI-ESM1-2-HR x x x x
MPI-ESM1-2-LR x x x x
MRI-ESM2-0 x x x x x x x
NESM3 x x x x
NorESM2-LM x x x x
NorESM2-MM x x x x
TaiESM1 x x x x
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C.1. Objective functions
The overall model performance per parameter set were assessed by one objective function (equation C.1)
based on the Euclidean Distance (Hrachowitz et al., 2014, which was calculated using the Nash Sutcliffe
efficiency (Nash and Sutcliffe, 1970) of four different individual signatures. (Nash and Sutcliffe, 1970). All
individual objective functions are described below.

Objtot = 1 − √
∑𝑛𝑖=1(1 − 𝑁𝑆𝐸i)2

𝑛 (C.1)

Flow timeseries
Optimization of the flow timeseries was done using two different objective functions: firstly, by using the
NSE between the modelled and the observed streamflow (equation C.2), and secondly by using the NSE
between the logarithms of the modelled and the observed streamflow (equation C.3). The NSE of the
timeseries is sensitive to high flows, while the Log NSE is more sensitive to low flows.

𝑁𝑆𝐸timeseries = 1 −
∑𝑛𝑖=1(𝑄modelled,i − 𝑄observed,i)2

∑𝑛𝑖=1(𝑄observed,i − 𝑄observed)2
(C.2)

log𝑁𝑆𝐸timeseries = 1 −
∑𝑛𝑖=1(log(𝑄modelled,i) − log(𝑄observed,i))2

∑𝑛𝑖=1(log(𝑄observed,i) − log(𝑄observed))2
(C.3)

Flow Duration Curve
The flow duration curve shows the percent of time that discharge equals or exceeds a certain level during
a specified period (Searcy, 1959). The curve can be determined by ranking all discharges during in a given
period. Optimization was done by calculating the NSE between the modelled and observed flow duration
curve (equation C.4). To reduce the effect of the high peak flows, the logarithm of the discharges is used
for the calculation of the flow duration curve.

𝑁𝑆𝐸FDC = 1 −
∑𝑛𝑖=1(𝐹𝐷𝐶modelled,i − 𝐹𝐷𝐶observed,i)2

∑𝑛𝑖=1(𝐹𝐷𝐶observed,i − 𝐹𝐷𝐶observed)2
(C.4)

Annual runoff coefficient
The annual runoff coefficient represents the proportion of total annual precipitation that is converted to
streamflow, and can be calculated using equation C.5. The optimization of this signature was done by
calculating the NSE between simulated and observed yearly runoff coefficient (equation C.6).

𝑅𝐶 =
∑𝑛𝑖=1 𝑄
∑𝑛𝑖=1 𝑃

(C.5)

𝑁𝑆𝐸RC = 1 −
∑𝑛𝑖=1(𝑅𝐶modelled,i − 𝑅𝐶observed,i)2

∑𝑛𝑖=1(𝑅𝐶observed,i − 𝑅𝐶observed)2
(C.6)
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C.2. Parameter constraints
The HBV-mountain model includes 20 parameters which had to be calibrated in the catchment. All model
parameters were constraint following the suggestions of the study of Gharari et al. (2014), which were also
used in the study of Hanus et al., 2021. The used constraints can be found in table C.1. Furthermore, the
parameters followed the additional process constraints as described in equations C.7 - C.11, which were
also used in the study of Hanus et al., 2021.

Table C.1: Parameter constraints used for calibration

Unit Min Max
Global parameters
Tthreshold °C -2.0 2.0
Fmelt mm °C-1 1.0 5.0
Mm °C 0.001 0.1
ρp - 0.1 0.9
kfast d-1 0.1 3.0
kslow d-1 0.001 0.1
Fevaporation - 0.4 0.8
Bare parameters
Su, max, bare mm 1.0 50
βbare - 0.1 2.0
Forest parameters
Imax, forest mm 1.0 5.0
Su, max, forest mm 50 500
βforest - 0.1 2.0
Grass parameters
Imax, grass mm 0.3 2.0
Su, max, grass mm 5.0 250
βgrass - 0.1 2.0
Bare parameters
Imax, rip mm 0.3 3.0
Su, max, rip mm 5.0 250
βrip - 0.1 2.0
Kfast, rip d-1 0.2 3.0
ρrip d-1 0.05 0.5

𝐼max, forest > 𝐼max, grass (C.7)

𝐼max, forest > 𝐼max, rip (C.8)

𝑆u, max, forest > 𝑆u, max, grass > 𝑆u, max, rip (C.9)

𝑆u, max, forest > 𝑆u, max, grass > 𝑆u, max, bare (C.10)

𝑘fast, rip > 𝑘fast > 𝑘slow (C.11)
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C.3. CMA-ES calibration iterations

Figure C.1: CMA-ES iterations of one CMA-ES optimization process per catchment
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Additional data

D.1. Calibration and validation results

Figure D.1: Daily streamflow using ERA5 simulations and GRDC observations in calibration/validation period (2001)
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D.2. Climate change impact analysis

Figure D.2: Mean daily streamflow using ERA5 simulations, raw CMIP6 data and bias-corrected CMIP6 data
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Figure D.3: Relative changes in streamflow compared to relative changes of precipitation and absolute change in temperature
under the SSP245 scenario
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Figure D.4: Seasonal streamflow changes in all catchments between the GFDL-CM4 and MPI-ESM1-2-HR simulations under both
climate scenarios
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