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Abstract
Twenty-First Century Drought Projections in Swedish Catchments
Elise Jonsson

Droughts can have far-reaching and devastating effects on all sectors of society and ecology and future
changes to drought and flood patterns are uncertain. This uncertainty has led to a lax response from local
officials in dealing with mitigation and adaptation, particularly in Sweden. As such, this study focused
on providing more localized estimates of future drought trends in Sweden so that policy makers can make
informed decisions. To assess impacts to different sectors, the results from ten different climate model
simulations between 1961-2100 under different emission scenarios, along with hydrological model simu-
lations, were evaluated throughout Sweden for 50 different catchments using a variety of meteorological
and hydrological drought indices.

We projected a consistent and significant increase in drought severity, duration, and intensity over the
course of the 21st century in many parts of Sweden under both moderate and high emission scenarios
(RCP 4.5 and RCP 8.5). However, models were in less agreement on the sign of change of drought
frequency. These results are highly consistent with more regional pan-European studies on drought, but
also show significant departures due to local catchment-specific variability in some forms of drought.
Local impacts to agriculture, energy production, water supply, public health, and fresh-water ecosystems
are briefly discussed. These results are likely underestimates of future drought due to biases in the
models. Improved formulations of drought indices along with a more robust statistical handling of the
model output could reduce these uncertainties.
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Populärvetenskaplig sammanfattning
Framtida torkprognoser i svenska avrinningsområden
Elise Jonsson

Torka kan ha förödande effekter på samhälle och ekosystem. På grund av ökande nederbörder och tempe-
raturer är förändringar i torka och översvämningar osäkra. Dessa osäkerheter har lett till slappa åtgärder
från politiker och lokala tjänstemän vars syfte är att anpassa samhället inför torka och översvämningar.
I och med detta fokuserade denna studie på att ge mer lokaliserade uppskattningar av framtida torktren-
der i Sverige så att beslutsfattare kan fatta välgrundade beslut. För detta utvärderades resultat från olika
klimatmodeller och simuleringar av avrinnesområden mellan 1961-2100 under olika utsläppsscenarier.
Dessa utfördes i hela Sverige för 50 olika avrinningsområden för att bedöma effekterna av framtida
torka på olika samhällsfunktioner, så som jordbruk, energiproduktion, vattenförsörjning, folkhälsa, och
ekosystem.

De flesta modellerna visade en överensstämmande ökning av torkans magnitud, varaktighet och inten-
sitet under 2007-2100 i många delar av Sverige under både måttliga och höga utsläppsscenarier. Model-
lerna var dock mindre överens om förändring av torkfrekvensen. Dessa resultat överensstämmer mycket
väl med mer regionala studier av Europa men visar också tydliga skillnader på grund av lokal variation,
vilket har olika effekter på olika samhällsfunktioner. Det visade sig även att klimatmodellerna och våra
metoder hade en tendens att överskatta bland annat nederbörd, vilket innebär att dessa resultat sannolikt
är underskattningar av framtida torka.
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1 Introduction

Despite affecting every continent, having vast socio-economic and environmental impacts, droughts of-

ten elude headlines. This is partially due to its slow onset, long duration, and recovery, which makes it

difficult to predict and quantify its impacts (Rajsekhar et al., 2015; Spinoni et al., 2015b). This is partic-

ularly the case in Sweden, where policy makers routinely request higher certainty drought predictions in

order to commit to implementing preventative measures. Such efforts are further hampered by a general

lack of drought research in the Swedish climate. However, even when the risks are well-known, taking

the appropriate countermeasures via mitigation or adaptation also proves difficult due to political and

public inertia and a gap in good communication between research and policy-making bodies (Storbjörk,

2007).

Due to its creeping nature, drought processes, impacts, and even its definitions are varied and complex

(Van Loon, 2015). While the underlying physical processes that govern the water cycle follow a fairly

straightforward logic, the hydrometeorological system as a whole is stochastic, or random, in nature—

forcing us to rely on various statistical methods and parameterizations (model simplifications). These

come with their own uncertainties that have to be accounted for in climate-change impact assessments

(Teutschbein & Seibert, 2012; Garcia et al., 2017; Fowler et al., 2018). Even then, assessing the impact

of a drought is also not straightforward, as one has to establish what threshold defines a drought. Hence,

different drought indices have been developed which reduce the complex problem of drought quantifi-

cation to a single number. These have to be chosen appropriately to match the hydrological regime and

demands of local water management (Van Loon, 2015).

This thesis aims to help bridge the gap between research and policy-making bodies in Sweden by

providing a comprehensive review of drought processes, detection, the modelling chain, and its research

challenges—assuming basic prior knowledge of Earth science and statistics. That built knowledge is

then implemented and used to simulate 21st century drought throughout Sweden to help inform decision

makers in communal-, forestry-, energy-, and eco-system-related sectors. For this purpose, drought

development was analyzed with the aforementioned drought indices over the 21st century in Sweden,

using bias-corrected regional climate model (RCM) data and hydrological modelling outputs from 50

catchments. The indices were chosen according to sector suitability, data availability, and ease of use,

and were then analyzed for trends and correlations at different time scales. These trends were then used

to predict impacts to different sectors of society.
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2 Background

2.1 General Climate Change Impacts

The Earth’s surface-, ocean-, and tropospheric temperatures have significantly increased over the last

century, along with more frequent and intense precipitation and drought events, and these changes can

be directly attributed to anthropogenic warming (Hari et al., 2020; IPCC, 2021; Chiang et al., 2021). As

per the Clausius-Clapeyron relationship, every degree rise in temperature is associated with a 7% increase

in moisture-holding capacity of the atmosphere (Mukherjee et al., 2018). In Europe, these trends vary

greatly depending on region, with northern Europe exhibiting mostly increasing trends in precipitation

(Figure 1a). By the next century (2081-2100), land surface temperatures are expected to exceed the 1.5-

2°C threshold. Meanwhile, annual (and summer) precipitation is expected to increase in northern Europe

and decrease in southern Europe (Figure 1b). Because both temperatures and precipitation is increasing

in northern Europe, the future development of drought is unclear.

(a) (b)

Figure 1 (a) Historical trends in annual mean precipitation across Europe between 1960 and 2015. (b) Projected
changes in annual precipitation in 2071-2100 compared to the 1971-2000 baseline period under the RCP 8.5

forcing scenario. Adapted from EEA (2017).

Globally, climate change has had a wide range of impacts on the hydrologic cycle, with changes to

regional precipitation patterns, cloud cover, annual river streamflow, flood peak-duration shifts, flow-

duration curves, magnitude of low-flow periods, glacier and permafrost extent, wildfires, and so on.

Since droughts can have a severe effect on everything from agriculture, forestry, water supply, sanitation,

energy production, navigation, and ecosystems, it becomes a necessity to provide reliable projections of

future change for mitigation and adaptation purposes (Staudinger et al., 2014; Zipper et al., 2019; Hakala

et al., 2019; Bakke et al., 2020).
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2.2 Water and Risk Management in Sweden

Understanding how societies respond to droughts, or indeed climate change in general, is one of the

major uncertainties in current climate projections (Van Loon et al., 2016). As such, it is prudent that we

take time understanding how risk assessment and management works at all levels of society.

In Sweden, knowledge about risk management and planning, as well as funding for preventitive mea-

sures, is provided at the national level by institutes of hydrology, geotechnology, and urban planning

while actual management is relegated to municipalities at a local level. Municipalities are supervised

and directed by regional county administrative boards who provides advice and data. Regional and local

actors are thus responsible for data and implementing most of the climate mitigation and adaptation prac-

tices, while also judging their appropriateness. This poses both advantages and disadvantages (Storbjörk,

2007). Since there is no one-size-fits-all approach to water management, it may be argued that keeping

it at a local level is the best approach. Additionally, there is the case for autonomy; that actors who are

socio-economically dependent on local resources should have a say in how they are managed (Lundqvist,

2004). However, keeping it at a local level introduces a host of other problems, such as

a) the safety vs. scenery conflict, which entails that local officials will often prioritize publicly

attractive developments which favor building in risky areas that may be more susceptible to climate

change. Investing tax-payer money in risk management for future events or events that already

occurred is often a sure-fire way of loosing an election according to local officials (Storbjörk,

2007).

b) uncertainty in risk assessments or rarity of natural disasters leading to inaction at a local level.

Local officials often deem it economically indefensible to adapt current infrastructure for the most

extreme events that only happen every couple of decades, and thus end up focusing on projects

that only account for minor events that occur every other year. In addition, they stress that there is

a lack of reliable data or directive on how to implement it. Not to mention who takes responsibility

if the projections prove incorrect (Storbjörk, 2007).

c) issues that transcend local political and natural boundaries. Even watershed boundaries are not

absolute, as they may be nested as tributaries of larger networks or even evolve with time due to

natural or human influence (Davidson & Loë, 2014).

As seen above, local actors play an important role in building infrastructure that mitigate drought im-

pacts. From this, we can deduce that more localized predictions of drought patterns are required in order

to motivate these actors into action. At this level, the type of drought becomes important, as one area

may primarily consist of forestry and other industries—requiring predictions on fire hazards, stream-

flow droughts, etc.—whereas another area may be more urbanized, requiring predictions that impact
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water supply and agriculture. For example, almost half of Sweden’s electricity generation comes from

hydropower (Swedish Energy Agency, 2019), which is generated mostly at higher latitudes (see Ap-

pendix C., Figure C.1). Meanwhile, urbanized areas reside mostly southward and toward the coastlines

(Figure 8a). Hence, different types of drought (detailed below) are important in different parts of the

country.

2.3 Drought Processes

Droughts are usually characterized by their severity, locality, duration, and timing. It is distinct from

water scarcity in that drought is an episodic socio-climatologically induced water deficit caused by an

anomaly in average conditions, whereas water scarcity is a long-term unsustainable disparity between

water demand and supply. While scarcity can be controlled for, drought impacts can only be mitigated

via climate adaptation (Van Loon et al., 2016; Svoboda & Fuchs, 2016; Mukherjee et al., 2018).

Drought development is complex, as any change in water flux affects multiple feedback processes

in the hydrologic cycle (Van Loon, 2015). Typically, drought propagation is conceptualized as a top-

down (hierarchical) process, where anomalies in precipitation and temperature cascade down to soil

moisture-, hydrologic-, and socio-economic drought (Figure 2a), usually in a non-linear fashion and with

significant lag (Figure 2b) (Mukherjee et al., 2018). However, the reverse situation is also possible. If dry

hydrologic conditions are sustained (for example due to land use activity) this can result in a depletion

of soil moisture, which in turn reduces evapotranspiration rates. This, in turn, decreases the atmospheric

relative humidity, which also decreases the probability of precipitation. This positive feedback process

can then only be stopped by irregular low pressure systems that carry more moisture than average, aka

wet spells (Bravar & Kavvas, 1991; Zipper et al., 2019).

As demonstrated in Figure 2a, humans are often seen as passive actors in this cycle (Van Loon, 2015).

However, recent research has suggested that anthropogenic activities play a much more integral part

of the system (Figure 3), i.e. society is not a passive victim of drought. As highlighted by Van Loon

et al. (2016), water abstraction, dam buildings, agricultural activities, and drought mitigation activities

are often overlooked or not addressed in impact studies, despite having a significant feedback effect

on droughts. Hence, they stressed the incorporation of impact data from sources such as the European

Drought Impact Reporter (www.geo.uio.no/edc/droughtdb)—along with attribution studies that distin-

guish between climate-, human-induced, and human-modified drought in order to determine whether

adaptation to climate-induced drought or mitigation of drought-inducing human activity is necessary.

This is done via a combination of observations and virtual modelling, where hydrological variables are

modelled in the absence of human activity and compared with observations that include human activity.

The human impact is difficult to quantify, however, due to numerous confounding factors, such as local

4
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FIGURE 3 | Propagation of a precipitation anomaly through the terrestrial part of the hydrological cycle for various variables, (a) synthetic time
series80: 0, mean, +, positive anomaly, −, negative anomaly, (b) time series of the Pang catchment53 (UK): P, precipitation, Sr, soil moisture storage in
the root zone, H, groundwater level, and Q, streamflow. Propagation of drought events is indicated by the arrows. Note that the order of the variables
is different in (a) and (b).

the reaction of groundwater to climatic input is often
delayed and smoothed, a groundwater drought does
not always develop, but when it does it often shows
long periods of below-normal groundwater levels. As
discharge is strongly linked to storage, low ground-
water levels lead to decreased groundwater discharge,
which slows down the drying process of the aquifer,
but also causes decreased streamflow e.g., Ref 95. Dur-
ing drought the main contribution to discharge is via
these slow pathways of groundwater discharge (base-
flow). The fast pathways that contribute to discharge
during wetter periods (surface runoff, interflow) are
usually limited during drought. This chain of processes
is summarized with the term ‘drought propagation’,
which denotes the change of the drought signal as it
moves through the terrestrial part of the hydrological
cycle.

The relationship between precipitation, soil
moisture, runoff, recharge, groundwater, and dis-
charge is an old concept in hydrology, but the
application of this knowledge to drought is rela-
tively recent. The first research addressing changes
in the drought signal due to propagation through
the hydrological cycle was done in Illinois, USA, by
Changnon Jr80 and Eltahir and Yeh.96 The latter were

the first to use the word ‘propagation’ in the context
of the translation from meteorological to hydrological
drought. This work80,96 was continued by Peters53

who published a study on the propagation of drought
in groundwater. In recent years, drought propagation
has been studied by, among others, Tallaksen and
Van Lanen,1 Peters et al.,59 Van Lanen,97 Tallaksen
et al.,98 Tallaksen et al.,99 Di Domenico et al.,100

Vidal et al.,101 and Van Loon.54

Note that in the climate community the term
‘drought propagation’ is sometimes used for the
spatial migration of a drought event, due to atmo-
spheric transport of anomalously warm and dry
air.102 For example, in eastern China and west-
ern USA, a southward migration of meteorological
drought was found103 and in Europe, droughts
starting in southern Europe were found to spread
northwards.73,104 In this paper, I use the term
‘drought propagation’ strictly for the translation from
anomalous meteorological conditions to hydrological
drought.

Figure 3 shows the propagation of drought by
means of (1) synthetic time series of anomalies in
different hydrometeorological variables by Changnon
Jr,80 and (2) a real-world example from the Pang

364 © 2015 The Author. WIREs Water published by Wiley Periodicals, Inc. Volume 2, Ju ly/August 2015

(b)

Figure 2 (a) Simplified conceptual framework of drought development as a hierarchical process. Adapted from
Van Loon (2015). (b) Lag time between meteorological, soil-moisture, hydrological, and groundwater drought.

Adapted from Van Loon (2015).

impacts from policy, water rights/access, pollution, political instability, and commodity prices. Public

perception, as well as adaptation strategies, of drought also need to be studied (Van Loon et al., 2016).

Understanding this relationship is crucial in predicting future drought, especially as the global population

is projected to reach 11 billion by 2100, with increasing water demands, agricultural land, urbanization,

and more.

2.4 Drought Modelling

Based on the above, a model for drought prediction needs to (1) predict its location, (2) onset, (3)

duration, (4) cessation, (5) total severity, and (6) recurrence interval. On large time scales these are

not feasible in a deterministic manner, and thus have to be estimated in terms of probability. Drought

probability can be assessed by identifying catchment attributes that make them susceptible to drought,

such as topography, soil properties, regional climate, and so on. Additionally, under climate change

scenarios, multiple feedback processes become important, such as in Figure 3, requiring complex coupled

models (Zhou et al., 2019).

2.4.1 Simulating the Future Climate

The model chain, summarized in Figure 4, essentially starts with general circulation models (GCMs), or

more accurately Earth system models, which are 3-dimensional physically-based distributed models of

the ocean-atmosphere state variables, accounting for the global carbon cycle, dynamic vegetation, and
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Figure 3 Conceptual framework of drought development in the Anthropocene as a feedback-driven cycle.
Adapted from: Van Loon et al. (2016)

atmospheric chemistry (Hakala et al., 2019). These models are initiated using historical data and driven

by emission scenarios, often the representative concentration pathways (RCPs), when projected into the

future. The RCPs are based on historical data and assumptions about how human emissions will change

according to the IPCC (IPCC, 2013). They consist of at least four different trajectories, RCP2.6, RCP4.5,

RCP6.0, and RCP8.5, denoting different levels of anthropogenic radiative forcing scenarios, ranging

from the most optimistic (+2.5 W m–2), where human emissions are curbed, to the most pessimistic

(+8.5 W m–2), where emissions continue to increase throughout the 21st century (Vuuren et al., 2011).

Figure 4 The hydrological modelling chain. Adapted from Hakala et al. (2019).

Downscaling Climate Model Output GCMs have coarse horizontal grid resolution, ranging from

100-300 km. As such, these are often only used as initial and boundary conditions for regional climate

models (RCMs) and limited-area models (LAMs) with finer resolution. This transition from coarse GCM

output to fine output is termed ’downscaling’ and is achieved through a variety of interpolation and pa-

rameterization methods. For example, surface air temperature data can be interpolated from a coarse grid

to a higher resolution using a local elevation model and a simple linear relationship between temperature
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and elevation. Temperature is thus downscaled from a global to a local scale. Downscaling methods

can be much more complex as well, relying on complex dynamical models, statistical relationships, or

machine learning (Sun & Lan, 2021).

Statistical downscaling (SD) relies on the assumption that there is a statistical relationship between

large scales and smaller scales that remains constant with time. Since SD is computationally efficient, it is

possible to do ensemble trials quickly in order to gauge internal variability and uncertainty of parameter

sets. In contrast, dynamical downscaling (DD) refers to the actual modelling of physical processes at a

finer resolution using GCM output as boundary conditions (i.e. GCM-driven RCMs or LAMs). Hence,

DD is more computationally demanding but more physically accurate as it can explicitly resolve smaller-

scale processes. (Hakala et al., 2019).

However, even downscaled RCMs exhibit significant when considering more local processes, as with

GCMs. These usually stem from unresolved micro-meteorological phenomena, inadequate parameteri-

zations, and boundary conditions (Warner, 2011). For example, convective precipitation often occurs on

spatial scales smaller than typical GCM-RCM grid cells. Evapotranspiration rates are highly dependent

on turbulent fluxes of moisture which are driven by sub-grid-scale turbulent eddies that must be param-

eterized, even for the smallest LAMs (see closure problem of turbulence) (Arya, 2001; Warner, 2011).

Indeed, research groups use a variety of different parameterization schemes for both surface-atmosphere,

vegetation, turbulence, convection, microphysics, radiative, cloud, and orographic processes (Stensrud,

2007). This reflects a number of issues; our incomplete understanding of geophysical processes, lack

of computational power, and the chaotic or complex nature of Earth systems. Hence, no single model

is sufficient, and an ensemble of GCMs and RCMs with different parameterization techniques is often

required to minimize uncertainty (Hakala et al., 2019). On top of this, chaotic systems are sensitive to

initial conditions, requiring many runs for each model. As such, ensemble projections are more compu-

tationally demanding.

Bias Correction of Regional Climate Models Some biases, such as systematic errors resulting from

the inevitable parameterization of sub-grid-scale processes or due to interdependence of code, may be

inherent to many GCMs, and sometimes RCMs. Put simply, GCMs are complex endeavours that build

on decades of shared code and assumptions about the Earth system which may not all be foolproof. Such

biases will usually not be eliminated or reduced by ensemble methods, even if the confidence bounds are

narrow. Additionally, there’s no best practice for weighting the importance of different GCMs and RCMs

in ensemble projections. To account for these issues there are post-processing methods, or bias correction

methods, which attempt to make GCM-RCM outputs more suitable for hydrologic modelling by clos-

ing the gap between hydrological model output and observations via a transformation algorithm. These

methods have shown to improve both RCM and hydrological modelling outputs. However, correction
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method performance depends heavily on catchment properties and, as such, must be chosen appropri-

ately. Biases are also assumed to be stationary, meaning that corrections during the validation period are

assumed to remain valid for future conditions. The validity of these assumptions are, for instance, further

discussed by Teutschbein & Seibert (2012) and Hakala et al. (2019).

Biases that often manifest in hydrometeorological projections are too frequent low-intensity rainfall

events, incorrect estimation of temperature extremes, as well as a failure to capture seasonal variation in

precipitation. For reference, in this study, distribution scaling was used with the thresholding method.

This method was used as it has shown to provide reasonably reliable results while keeping the level

of complexity relatively low (Teutschbein & Seibert, 2012). A technical description of this method is

left out of this thesis but can be found in the aforementioned article. Other prominent methods of bias

correction are linear scaling, local intensity scaling, power transformation, variance scaling, and delta-

change approaches.

While SD and bias correction methods can improve results, even the observations they are calibrated

with come with errors and uncertainties, impacting the reliability of the results. Because of this, ensem-

bles of SDs are often used (Hakala et al., 2019).

Hydrologic Models While GCMs and RCMs are capable of outputting hydrologic variables, such as

annual discharge, these outputs are still biased due to systematic errors in model dynamics or surface

parameterizations, rendering them inferior to dedicated hydrological models. Bias correction improves

RCM results significantly, but the output resolution of hydrological variables are still too coarse to be

applicable to catchments on a scale relevant for water management (Hakala et al., 2019).

For this study, the light version of the Hydrological Agency Water Balance model (HBV-light) is

utilized. It is a semi-distributed conceptual rainfall-runoff model that has been widely used for different

basins and climates since its initial development in 1972 (Parra et al., 2018). This model was chosen

because it exhibits similar or better performance to more complex models, like the Variable Infiltration

Capacity (VIC) model, with regards to runoff at a reduced computational cost (Linde et al., 2007). HBV-

light takes observations of precipitation (P), air temperature (T), and potential evapotranspiration (PET)

as input data and outputs various streamflow components of a catchment (or multiple sub-catchments)

along with the catchment-average snow-water equivalent (SWE), and actual evapotranspiration (AET)

(Pers, 2015; UZH, 2020). A detailed description of the model subroutines can be found in Appendix A.1.

Hydrological Model Calibration Hydrological models are typically calibrated, i.e. parameters are

fine-tuned, using observational data (in this case daily streamflow) and then validated for a different

period. This is known as the split-sample calibration-validation method (Klemeš, 1986; Hakala et al.,

2019). However, some argue that this validation technique is inferior to using the full sample for calibra-
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tion and skipping the validation procedure (Arsenault et al., 2018).

One potential problem with calibration, and optimization in general, is equifinality. That is, mul-

tiple parameters sets may be equally well-fitted to the calibration data, but representing very different

catchment properties, hence failing the validation test. While this is one way to gauge uncertainty in the

model, the best method for reducing such uncertainty is still debated (Sleziak et al., 2020).

Model Limitations and Uses Although we have stressed the importance of recognizing feedback-

driven processes between the atmosphere, hydrosphere, and anthroposphere, these interactions are diffi-

cult to model accurately and are beyond the scope of this thesis. Hence, the more hierarchical approach is

considered where atmospheric anomalies result in hydrologic anomalies. As such, outputs from GCMs

and RCMs are used as inputs to hydrologic models to predict drought quantitatively, but feedback pro-

cesses are only discussed qualitatively.

These models are simplifications of reality and come with uncertainties that are assessed at a basic

level. With multiple nested models, the cumulative uncertainty may be even greater. If a positive feed-

back process is incorporated into a deterministic model, errors during initialization also magnify with

time (Liu et al., 2009). Hence, a simple hierarchical model may provide a higher forecasting skill than a

complex coupled model. However, the coupled model is still useful for understanding feedbacks. A cou-

pled model accounting for many physical processes is usually more adaptable to a wide variety of basins

and climate conditions. Although its complexity makes it more difficult to understand and calibrate due

to the higher number of parameters. (Parra et al., 2018)

2.5 Drought Indices

As droughts are difficult to define and quantify, a variety of indices have been proposed over the decades

to simplify the problem. Most of these quantify one aspect of the hydrological cycle in Figure 3, but there

are also composite indices that span multiple sectors (see Svoboda & Fuchs (2016) for an exhaustive

list). As these indices make varying assumptions about climate and catchment properties, they exhibit

different regional and temporal patterns, and have to be chosen accordingly (Hisdal et al., 2001). The

ones most appropriate for Swedish or Northern-European catchments are considered here. These indices

are classed as either or . Standardized indices are ideal for drought comparison between different regions

as the droughts are quantified statistically and normalized. However, they are not often useful for water

management. Hence, in these cases, threshold indices are often used instead, as they rank drought

severity based on an established threshold-level for hydrological variables; for example, a drought is

occurring in this area if streamflow falls below 5 m3 s–1, which may be a given percentile of a flow

duration curve. More often than not, multiple indices provide a better estimate of drought attributes. For

assessment of future drought severity, the chosen indices also have to be robust and account for changing
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climates. They also have to distinguish water scarcity from drought, which becomes a separate issue

with growing populations and water demand (Mukherjee et al., 2018).

2.5.1 Taxonomy and Choice of Indices

There are multiple ways of categorizing drought indices based on natural boundaries, impact sectors, in-

put data, calibration methods, and so on. Svoboda & Fuchs (2016) provides an exhaustive list of indices

of varying complexity divided into the typical drought categories based on natural boundaries; meteoro-

logical, soil moisture, and hydrological drought, along with composite or modelled indices and indices

based on remote sensing data. Impact sectors include agriculture, water supply/sanitation, forestry, en-

ergy production (such as hydropower dams), fresh-water eco-systems, and public health. For these sec-

tors, there’s usually not a single index appropriate for all of them. Hence, it is good practice to include

several drought indices in climate change assessments.

Because precipitation and temperature data are often the most widely available, a large number of

indices use these as input to quantify meteorological drought. However, to account for climate change, a

good index also needs to account for the potential evapotranspiration (PET) (Marcos-Garcia et al., 2017;

Mukherjee et al., 2018). Given the positive trends in precipitation in Figure 1a, a precipitation-based in-

dex would project a decrease in drought, despite increasing temperatures and rates of evapotranspiration.

2.5.2 Considerations for Different Sectors

Different types of drought in terms of duration, frequency, and intensity affect sectors differently. While,

for example, hydro-power dams can persevere over short droughts of a few months, agricultural activities

and municipal water supply may be heavily impacted. This is particularly the case in regions highly de-

pendent on surface water supply, which has a quicker response to drought than groundwater-dependent

regions (Stagge et al., 2015). Additionally, short but intense droughts may be more conducive to fire haz-

ards and heat waves, thus posing a bigger risk for public health, than prolonged, low intensity, droughts.

For these purposes, some drought indices can be accumulated over different time scales to address the

needs of different sectors (discussed in the next section).

For monitoring and prediction, drought indicators need to be general enough to be widely applicable

but also specific enough to identify the type of drought relevant to the region and variable of interest

(Staudinger et al., 2014). For this purpose, most threshold-level indices are insufficient as they are too

specific and only applicable to a single catchment.

2.5.3 Palmer Drought Severity Index

One of the indices used for comparison in this study is the Palmer drought severity index (PDSI) (Palmer,

1965). This is one of the earlier attempts at quantifying drought characteristics using an empirical soil
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moisture algorithm. The PDSI takes serially complete precipitation and temperature as input data and

models the water balance in the soil moisture zone, also inheriting conditions from the previous month.

It then expresses the regional moisture supply in terms of local climatological averages. Hence, it is a .

The PDSI has shown successful at identifying long-term drought in low and mid-latitudes—even under

global warming scenarios due to its physically-based water balance model and temperature dependency.

Despite its wide adoption, particularly in the United States, its accuracy and applicability is still debated

however. For starters, it is not as comparable across regions as other standardized, as is evident in the

procedure described below (Lloyd-Hughes & Saunders, 2002; Vicente-Serrano et al., 2011). The PDSI

also has a fixed temporal scale between 9 to 12 months, making it unable to detect droughts with shorter

or much longer (decadal) periodicities. As such, it is often inapplicable for catchments where frozen

precipitation, runoff, snowpack, and reservoir storages are important factors. The lack of snowpack and

ice assumes that precipitation is immediately available for runoff, i.e. the runoff response to precipitation

is less delayed (Vicente-Serrano et al., 2010; Dai & NCAR, 2019). Many of these problems were solved

with the self-calibrating PDSI (scPDSI) (Wells et al., 2004) and auxiliary indices, such as the Palmer hy-

drological drought severity index (PHDI). However, the PDSI’s main shortcomings—its temporal scale

and auto-regressive tendencies (where index values are skewed by conditions from 4 years ago)—have

not been solved. Given the multi-scale characteristics of droughts, where the input-output signal varies

greatly depending on catchment, an index has to be very specific in its temporal scale in order to be

useful for water management. The PDSI, with its temporal scale of 9-12 months, may instead confound

different scales of drought (Vicente-Serrano et al., 2010). A detailed description of the PDSI calculation

procedure can be found in Appendix A.2.

2.5.4 Standardized Precipitation Index

Early studies on drought had difficulties quantifying potential evapotranspiration (PET) rates due to lack

of quality data. Hence, indices relying solely on precipitation, such as the standardized precipitation

index (SPI), were developed and generally performed better (Lloyd-Hughes & Saunders, 2002). The

SPI (McKee et al., 1993) has been popular for drought intercomparison projects due to its wide appli-

cability for different space and time scales, ranging from 1-month to 24-months. It has been endorsed

by the World Meteorological Organization (WMO) and others as the standard way of quantifying mete-

orological drought (Svoboda & Fuchs, 2016). For this reason, it is also included in the analysis of this

thesis.

Calculation Procedure Standardized precipitation is simply the difference of the observed precipita-

tion from the mean (P – P) divided by the standard deviation (STD) (σP) for some time period, where

the mean and STD are estimated from past records (1). The reason for this standardization is that it al-
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lows for easy comparison between different regions by making wet and dry climates equally represented

(Hayes et al., 1999).

Standardized precipitation =
P – P
σP

(1)

In order to develop the index, a probability distribution has to be fitted to this standardized precipitation.

This is distribution fitting is done separately for each month so that, for example, all Januaries in the data

are represented by one type of distribution whereas all July’s are represented by another. This distinction

is made because different months of the year often exhibit drastically different drought characteristics and

distributions (for example winter drought vs summer drought). Next, the cumulative distribution function

(CDF) of this probability distribution is then transformed into a normal distribution with mean zero and

variance one (Figure 5), where drought severity can be determined from a look-up table (Table 6). This

normalization also allows all months to be recombined into one data set, which forms the SPI. (McKee

et al., 1993; Dubrovsky et al., 2009; Svensson et al., 2017; Pathak & Dodamani, 2020). The SPI value

represents the number of standard deviations (STDs) away from the mean at which an event occurs, also

called ’score’ (Marcos-Garcia et al., 2017). A drought episode has been formally defined as the period

in which the SPI falls below a threshold value of -1. However, there has been debate about how to define

mild vs severe vs extreme drought. McKee et al. (1993) categorized drought based on the set of scores

seen in Figure 5 and table 6, however Agnew (2000) provided an alternative classification scheme based

on probability classes rather than absolute SPI value.

Different aggregation periods (sometimes referred to as standardization periods or integration peri-

ods) represents drought at different scales. These are obtained by taking a moving average of the raw

monthly data before distribution fitting and normalization. The choice of aggregation period depends on

the variable(s) of interest in the drought study. Short aggregation periods (<3 months) reflect precipita-

Figure 5 Drought classification for the standardized precipitation index according to McKee et al. (1993). An SPI
value less than -1 implies anomalously dry conditions, whereas a value greater than 1 implies anomalously wet

conditions. Source: Keyantash & NCAR (2018)
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Table 6 SPI values and their respective cumulative and absolute probabilities along with drought classifications
by McKee et al. (1993). An alternative classification scheme based on probability classes rather than absolute SPI

values is provided by Agnew (2000).

SPI Cumulative Prob. Prob. (%) Classification Agnew (2000)
(2.0, ∞) 0.977 - 1.000 2.3 Extremely wet

(1.5, 2.0] 0.933 - 0.977 4.4 Very wet
(1.0, 1.5] 0.841 - 0.933 9.2 Moderately wet
(-1.0, 1.0] 0.159 - 0.841 68.2 Normal Normal
(-1.5, -1.0] 0.067 - 0.159 9.2 Moderate drought Severe drought
(-2.0, -1.5] 0.023 - 0.067 4.4 Severe drought Extreme drought
(-∞, -2.0] 0.000 - 0.023 2.3 Extreme drought

tion anomalies that impact soil moisture whereas longer aggregation periods puts emphasis on streamflow

or groundwater droughts which generally exhibit much slower response times. Some researchers have

quantified the ideal aggregation periods in order for the SPI to identify the onset and severity of hydro-

logical drought in some catchments, however this is not always possible (Staudinger et al., 2014). The

distribution of choice depends on the indicator variable (for example runoff instead of precipitation) and

regional climatology. A technical description of the distribution fitting and normalization can be found

in Appendix A.3.

2.5.5 Standardized Streamflow and Runoff Indices

Two complementary indices, the standardized streamflow index (SSFI) (Modarres, 2007) and standard-

ized runoff index (SRI) (Shukla & Wood, 2008), use similar principles and computation procedures as

the SPI, but instead standardize streamflow or runoff (Rajsekhar et al., 2015). The variables that are

standardized are referred to as indicator variables in this paper.

The SSFI standardizes observed streamflow data (López-Moreno et al., 2009; Vicente-Serrano et al.,

2012) whereas the SRI standardizes a monthly aggregation of modelled grid-cell runoff, consisting of

surface and subsurface flow (base flow), based on gridded precipitation and temperature maxima/minima

data. In particular, the SRI utilizes the Variable Infiltration Capacity model (VIC model) which is a

distributed hydrologic model (Shukla & Wood, 2008; Staudinger et al., 2014). Since runoff, unlike

streamflow, is gridded and requires a distributed model, it cannot be computed using HBV. Hence, the

SSFI is used to quantify hydrological droughts in this thesis.

Procedure Identically to the SPI, the SSFI is standardized by taking the difference in 1-24 month

moving average streamflow (Q) from the mean (Q) divided by the STD (σQ):

Standardized streamflow =
Qi – Q
σQ

(2)
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The optimal distribution fit is then found for each month and normalized, yielding the SSFI.

There also exists a streamflow drought index (SDI), but for long time series, Kermen & Gül (2018)

showed that differences between the SDI and the SSFI were insignificant. Hence, the SDI is not included

in this thesis. However, it is worth noting that including both indices can improve the confidence intervals

of projected streamflow drought.

2.5.6 Standardized Precipitation-Evapotranspiration Index and Drought Reconnaissance
Index

The multiscalar standardized precipitation evapotranspiration index (SPEI) (Vicente-Serrano et al., 2010)

is computed identically to the SPI and SSFI, but instead standardizes the monthly difference in precip-

itation and potential evapotranspiration (PET), herein also referred to as the climatic water balance. As

such, it is more robust with longer time steps (1-48 months) as it properly accounts for the water balance.

However, rapidly developing droughts are not identified quickly with this index (Vicente-Serrano et al.,

2010; Svoboda & Fuchs, 2016).

Similarly, the drought reconnaissance index (DRI) (or RDI in the literature) standardizes the monthly

cumulative precipitation divided by the PET (Tsakiris & Vangelis, 2005).

While these indices generally perform better, they also require an estimation of the PET, which is

not always straightforward. It can be simply estimated from temperature using the Thornthwaite method

(Thornthwaite, 1948), however most institutes recommend using the Penmann-Monteith method. The

problem with this method is that it requires a large amount of data, including daily surface temperature,

air humidity, radiation budget, vapor pressure, and latent and sensible heat fluxes of the ground–atmosphere

interface. For drought indices, the method used to estimate PET is not critical however as they produce

similar results, at least for the PDSI (Vicente-Serrano et al., 2010). For reference, this study utilizes

the Hamon method of PET estimation (Hamon, 1963), which may perform better than the Thornthwaite

method (Lu et al., 2005).

The SPEI can also produce negative values, which limits the selection of candidate distributions.

Unlike the SPI, the SPEI cannot use the gamma distribution, since the total water balance is not bounded

by zero like precipitation or streamflow. I.e. PET may exceed precipitation. As such, a 3-parameter

distribution or, for an ideal goodness of fit, the generalized extreme value distribution (GEV) should be

used for the calculation of SPEI (Marcos-Garcia et al., 2017).

Meanwhile, the DRI is undefined when the PET is zero, which is often the case during winter months.

The P/PET quotient also deemphasizes the role of temperature in drought. However, the DRI cannot

produce negative values, and is thus less restrictive than the SPEI. A more technical description of these

indices can be found in Appendix A.4.
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2.5.7 Standardized Snow Melt and Rain Index

As seasonal snow melt constitutes a large part of the Swedish hydrological climate, it was deemed nec-

essary that this study included at least one drought index accounting for snow melt. When precipitation

is stored as snow there is a significant lag between meteorological- and hydrological drought. Snow can

both mitigate the severity of summer droughts while also enhancing winter droughts. Neither the SPI nor

the SPEI account for these effects. Hence the standardized snow melt and rain index (SMRI) (Staudinger

et al., 2014) was developed as a supplementary index to the SPI to quantify streamflow droughts, using

similar calculation methods. While the VIC model and the SRI complements the SPI well during pe-

riods of snow accumulation and melt—accounting for precipitation, temperature, radiation, vegetation,

soil and terrain—it cannot be validated. Only streamflow, i.e. runoff routed to a gauged outlet of a

catchment, can be validated.

The SMRI is computed from the daily sum of snow melt and rain (MR). To obtain the snow melt

Staudinger et al. (2014) utilized the snow routine in HBV-light, which only requires temperature and

precipitation. A detailed description on the SMRI and HBV snow routine can be found in Appendix A.5.

2.5.8 Normalized Ecosystem Drought Index

This index was chosen in order to have at least one index specifically designed to monitor drought

impacts on freshwater ecosystems. The normalized ecosystem drought index (NEDI) (Chang et al.,

2018) is similar to the SPEI in that it uses the difference between the cumulative monthly precipitation

and PET as an indicator variable. However, the NEDI uses the cumulative precipitation from a previous

month to account for the legacy effects. I.e. precipitation does not immediately become available as a

water source for ecosystems, but have to go through a series of processes before reaching plant roots and

grow into nutrients for fauna.

Procedure The water availability for the month i is (where j=1 is a 1-month lag in precipitation, j=2 is

a 2-month lag, and so on):

Wi = Pi–j – PETi (3)

In Chang et al. (2018), the NEDI is obtained by normalizing Wi according to the maximum value during

the period. However, for consistency and ease of use, this study uses the same standardization procedure

used for the previous indices.
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3 Methodology

3.1 Methodology Overview

The workflow for this thesis is summarized in Figure 7. Ten different bias-corrected GCM-RCM runs

for four different scenarios—one historical (1961-2006) and three RCP scenarios (RCP 2.6, 4.5 and

8.5)—along with the corresponding hydrological data from HBV for 50 catchments was provided by

supervisors (the HBV data was calibrated over the 1991-2020 hydrological years and validated under

1962-1991). Three Palmer-based indices and seven standardized indices were implemented. Five me-

teorological variables and three hydrological variables were used to compute these ten different indices.

This was done for six different aggregation periods for eight of the indices. These were then analyzed

for trends, drought properties such as intensity, duration, and frequency, and correlations with catchment

properties. The index distribution fittings were also evaluated.

Figure 7 Workflow diagram for this thesis.
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3.2 Area of Study

Sweden is mostly covered by forest and agricultural land with countless lakes and rivers. The number of

lakes greater than 10,000 m2 in area ranges around 100,000. Shrubery, exposed bedrock, wetlands, and

urban areas constitute smaller regions of the country (Figure 8a, IEA, 2013).

In terms of the Köppen climate classification, Sweden has a poleward gradient of temperate humid

(Dfb), subarctic (Dfc), and tundra (ET) climates (Figure 8b). Based on 32 climate model projections

under the RCP 8.5 scenario, most of what is now Dfb and Dfc is projected to transition into Cfb and

Dfb climates respectively by 2070-2100 (Beck et al., 2018). Cfb climates receive at least 30 mm of

precipitation per month, with a monthly maximum of 22°C and at least four months of above 10°C

average temperatures. Dfb and Dfc only differ from Cfb by exhibiting lower temperatures.

The geographic locations of the catchments of interest in this study (n=50) are shown in Figure 9. Most

of these catchments range between 100 and 10,000 km2 in size with outlet elevation ranging mostly

between 70 and 1000 meters above sea level (a.s.l.) (Figure 10).

Urban

Agriculture

Forest

Grass and shrubs

Open land

Glaciers

Water bodies

(a)

Dfb (Warm-summer
humid continental)

Dfc (Subarctic)

ET (Tundra)

(b)

Figure 8 (a) Land classification of Sweden based on the 2018 Corine Land Cover (CLC) survey (CLMS, 2020).
(b) Köppen-Geiger climate classification of Sweden (Beck et al., 2018).
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Catchment outlet (station #)

Catchment area

Elevation

Figure 9 Digital elevation model of Sweden with the geographic location and delineation of the catchments of
interest superimposed, along with catchment id:s. Data source: SVAR (SMHI) (2016)

Figure 10 Geographic properties of the catchments of interest and their respective outlets.
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3.3 Input Data

Observed precipitation, streamflow, and temperature records are available for all 50 catchments until at

least January 1st, 1961. These are used to validate the RCM output, which is run separately for the

1961-2006 period.

Even with bias correction, some systematic errors appear in the simulated data set for precipitation and

streamflow during the 1961-2006 period (see appendix, figures C.2 and C.3). Temperature is simulated

very well and residuals follow the expected standard normal distribution with mean zero. Meanwhile

residuals are mostly normal for precipitation but offset towards the negative with a median of -0.7 mm

d–1. This implies that the RCMs have a slight tendency of overestimating precipitation amounts, which

could underestimate both meteorological and hydrological drought impacts for future scenarios. This is

all assuming that the observed records are robust. Unlike for precipitation and temperature, streamflow

residuals deviate significantly from normal, showing a right-skewed profile with a slight offset towards

the negative. If significant, this offset would imply that the RCM-driven hydrological model will slightly

overestimate streamflow during most months, hence underestimating hydrological drought. The right-

skew profile suggests that there exists a non-linear structure in the observed streamflow data which is

unaccounted for by the model. This could be anything from inadequate model parameterizations to

measurement errors. However, the median residual is -0.16 mm d-1, -0.01 mm d-1, and -0.22 °C for

precipitation, streamflow, and temperature respectively—which is -13.8%, -0.94%, and -9.1% of the

residual standard deviation. Hence, the margin of error for streamflow is several magnitudes smaller

than that of precipitation and temperature.

Taylor diagrams of precipitation, temperature, and streamflow (Figures C.4 to C.6) also show that

temperature is much better represented by the RCMs than precipitation with correlation coefficients

ranging between 0.9 and 0.99, likely owing to the larger standard deviation and less chaotic nature of

temperature. These results are consistent with Lin et al. (2020). Streamflow is also better represented

by the models than precipitation, likely due to the lag and subsequent smoothing of precipitation events

as they accumulate into streams (Figure 2b). In fact, precipitation remains one of the key bottlenecks

in GCM-RCM skill at predicting the future climate (Melillo et al., 2014). These caveats are considered

qualitatively in the discussion of this study.

3.4 Evaluation of Drought Indices

The suitability of indices were evaluated based on ease of use and data availability. The provided daily

simulated data included variables for precipitation (P), temperature (T), streamflow (Q), potential evap-

otranspiration (PET), actual evapotranspiration (AET), snow-water equivalent (SWE), snow cover per-

centage, soil-moisture content (SMC), groundwater recharge (GW), groundwater storage (RD), and ef-
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fective precipitation (Pe) (as defined by Tigkas et al. (2016)). While many different indices were consid-

ered suitable with these, only a select few were used in order to avoid scope creep and an overwhelming

amount of data to process. Sector-wise, the following indices were chosen (Table 11).

Table 11 The following indices were chosen for this study, with the associated drought impact sectors they were
deemed suitable for.

Applicable
indices

Sector

Agriculture Hydropower Fresh-water ecosystems Fire hazards Water supply
PDSI 3 3 3 3

SPI 3 3

SPEI 3 3 3 3

SSFI 3 3

SMRI 3 3 3

DRI 3 3 3

DRIe 3 3 3 3

NEDI 3 3

3.5 Implementation

The PDSI was computed using a standard values for the upper and lower layer available water capacity

(25.4 and 127 mm) based on Palmer (1965) and using the Hamon method of estimating evapotranspira-

tion (Hamon, 1963). The CAFEC parameter was calibrated over the whole period. In hindsight, however,

it should have been calibrated over the historical data in order to reflect changes in the climate regime

when projected into the future. The PDSI (along with auxiliary indices, the PDSIm and Palmer Z index)

were computed using MATLAB code provided by King & Meko (2021).

The other standardized indices were implemented using an adapted SPI code which cycled through

all GCM-RCM combinations for all 50 catchments, six different aggregation periods (1, 3, 6, 12, 24, and

48 months), ten different variables, testing five or 21 different distribution fittings for 12 different sets of

months (the sets of all Januaries, Februaries, and so on). The procedure is illustrated in Figure 12.

Lastly, most missing or erroneous data points in the simulation averages (nans, infs) were replaced

using a 5-point moving average for all indices. Larger clusters of erroneous values were simply excluded

(set to NaN in MATLAB).

3.5.1 Goodness of Distribution Fitting

Fitting was limited to 2-parameter distributions (L-Moments are neccessary for 3-parameter distribu-

tions which can be applied more generally for indicator variables with negative values). As summarized

in Figure 12; For indices with positive indicators—the SPI, SSFI, SMRI, and DRI—21 different distri-

butions were tested. For indices with negative indicator values, like the SPEI, DRIe, and NEDI, we were

restricted to five distributions.
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Figure 12 Diagram for how the standardized drought indices were computed.

The goodness of fit during the distribution fitting was evaluated using the Kuiper test. It is similar to the

Kolmogorov-Smirnov test, which tests the likelihood that a given sample comes from a population of a

given distribution. One use case of this in this study is the hypothesis that the, say, average precipitation

of all Januaries are Gamma-distributed. The null hypothesis of the test is that all Januaries are not

Gamma-distributed.

The test statistic V for Kuiper’s test is computed as follows (4-7), where F is the CDF of the Gamma

distribution (the null hypothesis), xi(i = 1, ...,n) is the sample data (all average January precipitations).

D+ and D– are simply the maximum distances from the empirical distribution of the sample and the

reference distribution (the Gamma distribution in this case) (Figure 13).

zi = F(xi), (4)

D+ = max
(

i
n

– zi

)
, (5)

D– = max
(

zi –
i – 1

n

)
, (6)

V = D+ + D– (7)

In contrast to the Kuiper test, the Kolmogorov-Smirnov test uses only D+ as a test statistic and is hence
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more sensitive at the distribution median while less sensitive at the tails. For our purposes, we wanted to

put emphasis on less likely events (droughts), i.e. the distribution tails.
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Figure 13 The Kuiper test statistic is the sum of the maximum positive and negative distances from the empirical
distribution to the reference distribution. Adapted from: WikimediaCommons (2016)

In MATLAB, a distribution, say Gamma, is fitted to a sample of Januaries from a given catchment-RCP-

RCM-variable combination. The Kuiper test is then applied to test if the sample could have originated

from a population with that particular Gamma distribution, or if the fitted distribution is unlikely to

replicate that sample.

3.6 Analysis Methods

3.6.1 Drought Properties and Definitions

Droughts are programatically defined as in Spinoni et al. (2015a), which follows run theory by (Yev-

jevich, 1969). A drought event is initiated when the drought index, say SPI, reaches a value below -1.

The drought then continues as long as the SPI stays below zero, at which point the drought ends. This

definition determines the duration and frequency of drought. To assess the potential cost of drought to

different societal and ecological functions, drought severity and intensity is also defined. The severity

of a drought event is the sum of absolute values in deficits over the duration of that drought. Lastly, the

drought intensity is the severity of an event divided by its duration. The differences between these are

further discussed in Section 4.6.

Note the drought indices are based on monthly averages. As such, drought events shorter than one

month may not be resolved, unless they are more intense. Additionally, there was no pooling or exclusion

of droughts, which can pose problems with the interpretation of drought frequency. Lastly, using long

aggregation periods (12 months or more) causes fluctuations at the start of the record and HBV requires

a warm-up period of at least a year. Hence, in this study, every time series is truncated by 2 years to
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accommodate this.

3.6.2 Statistical Tools

In this paper, trends were estimated using ordinary least squares regression (OLSR). Reduced Major Axis

(RMA) was not deemed necessary since the time axis was error-free (Smith, 2009). Note that OLSR

assumes that the residuals of the regression model are normally distributed. Given the large number of

samples tested in this study, the validity of this assumption cannot be checked within a reasonable time

frame, and is thus taken at face value.

The significance of trends were estimated using the Mann-Kendall (MK) test. The MK test is de-

signed for serially uncorrelated data and will detect trends more often than anticipated when the data is

autocorrelated for a given significance level. For example, at a 5% significance level the probability of

falsely rejecting the null hypothesis of no trend is less than 5% for autocorrelated data. This manifests

as an increase in the variance of the test statistic, and an increased risk of detecting a false positive trend

(Type I error) (Bayazit & Önöz, 2007).

Pre-whitening is the removal process of autocorrelation by subtracting a lag-1 auto-regressive (AR)

model which decreases the rejection rate for the null hypothesis. For most of the analysis, pre-whitening

was not deemed necessary as most samples far exceeded the 50-70 sample size and 0.005 slope mag-

nitude suggested in Bayazit & Önöz (2007), above-which pre-whitening weakens the power of the MK

test—formally defined as the probability of correctly rejecting the null hypothesis (not committing a

Type II error). However, the trends of indices estimated using very large moving average windows, like

the 12-48 month aggregation periods in this study are heavily impacted autocorrelation regardless of

sample size. So the significance of trend in these cases are unlikely to be correct. To accommodate the

change in variance of the test statistic with moving averages, normally distributed 1000-element random

samples are generated to test the change in significance level when moving averages are applied.

Most data is not normally distributed, suggesting the use of non-parametric tests. For unpaired sam-

ples, like the historical scenario and an RCP scenario, the Wilcoxon rank sum test is used to test differ-

ences in means. For differences in standard deviations, Levene’s test is used. For paired samples (for

example when comparing RCP 2.6 and RCP 8.5), a sign test is used since it does not assume normally

distributed samples.

With thousands of samples being tested, these statistics cannot be rigorously visualized and vetted.

Conclusions can thus only be drawn when there’s a convergence of trends in multiple samples. Hence,

RCM ensembles of trends are averages and checked for significance. Of course, a significant ensemble

trend does not mean all models are in agreement, as there could be one model which overshadows the

others in the ensemble. Hence, model agreement is signified in the results if at least 8 models agree on
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the sign of change. This number is motivated by the discussion on statistical testing for model ensembles

in the appendix, appendix B.1.

3.6.3 Uncertainties

There are a number of uncertainties in these statistical methods which, due to the limited scope of this

thesis, cannot be fully addressed in the allotted time—only remedied. For example, the distribution

fitting performed when computing the standardized indices for each set of months assumes stationary

climate normals when applied to, say all Januaries, in the entire time series (2006-2100). However,

under a changing climate, the optimal distribution fits can change with time in response to, for example,

changing flow regimes or other catchment properties (Zargar et al., 2014). As such, trends in the indices

are with respect to a static distribution which may or may not encompass future outliers resulting from

a changing climate regime. To somewhat remedy this problem, trends and correlations for RCP 2.6, 4.5

and 8.5 are mostly compared with the historically simulated scenario (1961-2006).
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4 Results and Discussion

4.1 Optimal Distributions

Each month for each RCP scenario, catchment, RCM, aggregation period, and index was tested with

its associated list of distributions—resulting in a total of 15,840,000 best fittings. For all indices, the

generalized extreme value distribution (GEV) yielded the best fit for the monthly data most of the time,

followed by the log-logistic distribution (L-L), logistic distribution (L), gamma distribution (Gam), and

t-location scale distribution (t L-S) (Figure 14). A closer analysis of these fittings on the full data sets for

each respective month and indicator variable confirms that the GEV often produces the best fit, however,

with some caveats.
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Figure 14 Proportions of the best fitted distributions for each index (n=120,000). For all indices, the generalized
extreme value distribution (GEV) entails the largest number of best fits according to the Kuiper test. The GEV is
followed by either the log-logistic distribution (L-L), logistic distribution (L), or gamma distribution (Gam) as the
most frequent best fit. Note that during the index calculation only the mode was saved with respect to all months
before the histograms were produced. This will skew the histograms towards the most popular (not necessarily

the most suitable) distributions.

When fitted to the average monthly precipitation record for each respective month the general pattern

for the most popular distributions is shown in Figures 15 and 16. A full analysis of all months and

indicator variables was performed. For brevity, only two are discussed here. It was observed that the

GEV has a tendency of overestimating the probability of low precipitation or low flow when the actual

probability of precipitation or flow is indeed lower. This causes the GEV to overestimate the frequency of
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meteorological and hydrological drought. Meanwhile, for precipitation, the log-logistic distribution and

gamma distribution have a tendency of underestimating the frequency of meteorological drought while

representing hydrological droughts quite well in July and August, but less so during May and June.

In retrospect, using a different goodness of fit measure that emphasizes fitting low flow or low pre-

cipitation events may perform better in drought analysis. This may be more important than the actual

choice of distribution.
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Figure 15 Cumulative probability plots for each set of months (Mays, Junes, Julys, and Augusts) with distribution
fits optimized with the Kuiper test. Note that this includes data from all RCP scenarios which may hide

differences in, for example, climate regimes. It only represents total averages in how precipitation is distributed,
along with the expected averages for the distribution fits.

The null hypothesis of the Kuiper test with a GEV reference distribution was not rejected for 98.6%

of cases at 95% confidence. That is, in 98.6% of cases with a GEV distribution, the goodness of fit is

unlikely to have arisen by random chance.

The most frequent (modal) best fit for each aggregation period and index is also highlighted in the ap-

pendix, Table C.7. Here it can be observed that while the GEV and log-logistic distribution distributions

are the most frequent best fits for the historical scenario, the gamma distribution is favored more than the

log-logistic distribution in the RCP scenarios.

This could point to a shift climate or flow regimes as the distribution shape of monthly averages

changes over the decades. Under climatic change, one can assume that the extreme value distribution

shifts, but does not change in shape. That is, unless the processes that govern the distribution of extremes
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Figure 16 Cumulative probability plots for each set of months (Mays, Junes, Julys, and Augusts) with distribution
fits optimized with the Kuiper test. Note that this includes data from all RCP scenarios which may hide

differences in, for example, flow regimes. It only represents total averages in how streamflow is distributed, along
with the expected averages for the distribution fits.

also change. Other authors have introduced nonstationarity by letting one or more of the GEV parameters

be time dependent Marcos-Garcia et al. (2017). This could improve trend detection in the next section.
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4.2 Impact of Moving Averages on Mann-Kendall and Rank-Sum Tests

To accommodate the change in variance of the Mann-Kendall test statistic with moving average (MA),

normally distributed 1000-element random samples were generated to test the change in significance

level (α) when MAs are applied (Figure 17). This was repeated for other distributions as well, such as

gamma-, Weibull-, and GEV-distributed random data, in addition to the Wilcoxon rank sum test where the

statistical significance of the difference in means of two random samples was tested at the 5% significance

level with different MAs.

As expected, when no MA is applied, the relative number of false positives asymptotically approaches

5%—the significance level that was set for the MK and Rank-Sum tests. However, the number of false

positives increases dramatically with increasing MA window size (aggregation period). For a 3-element

MA, a 25.6% rate of false positives can be expected, which increases to 41.9%, 57.1%, 68.8%, and

78.3% for 6-, 12-, 24-, and 48-element MAs respectively for both the MK and Rank-Sum tests. The same

asymptotic values are also obtained for other distributions (Gamma, Weibull, and GEV, with the unsur-

prising exception of the uniform distribution) as well as shorter (100-element) samples. This suggests

that non-parametric tests are inert to reasonable changes in distribution and sample size. Accordingly,

the significance level of the trend tests in this study are adjusted based on these numbers.
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Figure 17 Relative number of false positives (cumulative number of statistically significant randomized samples)
per number of iterations for the Mann-Kendall trend test. 100,000 normally distributed randomized samples were

tested for each moving average (MA) window at 5% significance.

The significance level required to accommodate these effects and bring the number of relative false

positives down to 5% quickly becomes impractical. For a 3-element MA, the equivalent α, where the

number of false positives is 5%, is now around 0.001 (Figure C.9). This equivalent α decreases to
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4× 10–6 for 6-element MAs, and 10–10 for 12-element MAs. Machine precision prevents derivation

of these numbers for 24- and 48-element MAs. However, based on the trends, the equivalent p-values

should be around 10–25 and 10–45 for 24- and 48-element MAs.

These issues persist even when drought severity, intensity, and duration is computed from the ran-

domized MA samples. Given these results, it appears the MK test has been inappropriately employed for

aggregated standardized drought indices without concern for autocorrelation affecting the significance

level in many studies and that either pre-whitening or α-adjustment is a necessity with aggregated indices.

For the absolute Levene’s test, the rate of false positives is different with each MA window, instead

asymptotically approaching a 14.3%, 29.4%, 45.5%, 61.1%, and 70% for 3-, 6-, 12-, 24-, and 48-element

MAs respectively. The quadratic Levene’s test produces similar results for 3-12-element MAs, but attains

a much lower rate of false positives for 24- and 48-element MAs. In fact, there does not appear to be any

significant increase in the false positive rate for 24-element MAs and above. The results for the different

tests are summarized in Table 18.

Table 18 Relative number of false positives for the Mann-Kendall trend test, Wilcoxon rank sum test, and
different formulations of Levene’s test (absolute, quadratic and O’Brien’s modification). 100,000 randomized

pairs of samples of size 1000 were tested for each moving average (MA) window.

Moving average
(window length)

Statistical test (p=0.05), false positive rate

Mann-Kendall Wilcoxon rank sum Levene (abs) Levene (quad) O’Brien
1 5.0% 5.1% 5.1% 4.9% 5.1%
3 25.6% 25.6% 14.3% 15.3% 15.3%
6 41.9% 41.9% 30.0% 31.5% 31.1%
12 57.1% 57.1% 46.7% 46.0% 45.8%
24 68.8% 68.4% 60.0% 54.4% 53.5%
48 78.3% 78.8% 69.2% 55.6% 53.8%

29



4.3 Projected Changes in Drought Frequency and Duration

The projected changes in drought frequency over the 21st century are geographically sporadic (Fig-

ure 19). While models are not in full agreement on the sign of change, some significant patterns in

ensemble averages emerge with all drought indices. Most of central, eastern, and southern Sweden is

expected to experience an increase in the frequency of both meteorological and hydrological drought.

The magnitude of change varies between 0 to 0.7 additional drought events per decade, with the largest

increases towards the southern coastlines of Halland, Västra Götaland, and Skåne. Meanwhile, in the

north of Sweden, significant trends are sparse for most indices, with the exception of the streamflow-

based SSFI, which projects an increase in hydrological drought frequency.† However, again, models are

not in full agreement on this. The same changes are projected under RCP 8.5 with mostly insignificant

sporadic differences (Figure 20).

Figure 19 Projected changes in drought frequency under RCP 4.5 relative to 1961-2007 according to different
drought indices between 1961-2007 and 2007-2100. Circled catchment outlets show a high degree of agreement

between the RCMs (at least eight out of the ten RCMs agree on the sign of change) and dotted catchments show a
significant ensemble trend.

The projections in Figures 19 and 20 are mostly in-line with that of Spinoni et al. (2018), who used

†Note that while interpolation might make sense for precipitation and evaporation, it does not necessarily make sense for
streamflow since streamflow is highly catchment-specific, unlike runoff. Hence the reader should not put too much stock in
interpolations of the SSFI. It is merely used here as a visual aide to gauge general patterns.
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Figure 20 Projected changes in drought frequency under RCP 8.5 relative to 1961-2007 according to the different
drought indices. Circled catchment outlets show a high degree of agreement between the RCMs (at least eight out

of the ten RCMs agree on the sign of change) and dotted catchments show a significant ensemble trend.

11 bias-corrected climate scenarios from the EURO-CORDEX multi-model ensemble to analyze future

trends in drought frequency and severity between 1981-2100 with a multi-variate drought indicator based

on the SPI, SPEI, and DRI. For northern Europe and Scandinavia, they found that droughts were expected

to become more frequent and severe, especially post-2070. This increase was largest during the summer

and spring, and less so during autumn. However, winter droughts were expected to become less frequent.

Their projected drought frequency was highly homogeneous throughout Sweden, which can be attributed

to a coarser resolution and averaging of the different indices. However, both the SPI, SPEI, and DRI

show the same patterns of change in our study (Figure 19), exhibiting reductions in drought frequency in

some specific areas (Jämtland and Väster/Norrbotten) which were not detected in Spinoni et al. (2018).

Additionally, the DRIe, which excludes deep percolation from the water balance, projects an even greater

reduction in drought frequency in these areas. Spinoni et al. (2018) also looked at the frequency of

extreme drought events (defined as SPI values below -2.0 (McKee et al., 1993)) which showed some

reductions in frequency in the north-west, more in line with the results presented here. The results

presented here are far more consistent, however, with that of JRC (2017), who projected changes in

drought during 2041-2070 relative to 1981-2010 under RCP 4.5 and 8.5, again using the CORDEX multi-
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model ensemble (see appendix, Figure C.10). They found a general increase in drought frequency across

the country, with the exception of the elevated north-west of Jämtland and Väster/Norrbotten county

where modest reductions averaging around -0.2 events per decade were projected for both emission

scenarios, concordant with the results presented here.

Figure 21 Projected changes in drought duration under RCP 4.5 according to different drought indices between
1961-2007 and 2007-2100. Circled catchment outlets show a high degree of agreement between the RCMs (at

least eight out of the ten RCMs agree on the sign of change) and dotted catchments show a significant ensemble
trend.

While models are in high agreement on the projected trends in drought duration, the sign of change varies

depending on choice of drought index (Figure 21). Under RCP 4.5, precipitation and streamflow-based

indices, like the SPI and SSFI, project a reduction in drought duration in the far north and mid-south

west of Sweden, with significant cold spots in northern Norrbotten county, Dalarna, and Västra Göta-

land. These reductions are mostly modest, ranging between 0.5 to 1 less drought months per decade,

with some exceptions in Dalarna county peaking at -3 months per decade. Indices accounting for evapo-

ration, however, project a moderate increase in drought duration towards the north-west and south-east of

Sweden. The DRIe also projects a large significant increase towards the south-west coastline (Halland,

Västra Götaland, and Skåne), as well as the mid-east (Stockholm, Uppsala, and Väst/Södermanland),

ranging between 2-3 additional months of drought per decade. Among all the indices, the soil-moisture-
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based PDSI projects the largest increase in drought duration for most of the country, exceeding 3 months

per decade in many catchments.

Figure 22 Projected changes in drought duration under RCP 8.5 according to the different drought indices.
Circled catchment outlets show a high degree of agreement between the RCMs (at least eight out of the ten RCMs

agree on the sign of change) and dotted catchments show a significant ensemble trend.

The general trends and patterns in drought duration are mostly the same under RCP 8.5, but higher in

magnitude by about 1 month per decade in most regions (Figure 22). Here, it is also evident that most

of Sweden would experience a reduction in the duration of precipitation deficits according to the SPI,

along with a reduction in the duration of streamflow deficits in all but the far-south of Sweden according

to the SSFI. However, overall deficits in the water balance are expected to increase in duration, as is

projected by the precipitation-evaporation-based indices (PDSI, SPEI, DRI, DRIe, and NEDI). Some

exceptions under RCP 8.5 regard the PDSI and SMRI. In east Västerbotten county, PDSI values now

show a significant reduction in drought duration, peaking at -2 months per decade, opposite to that of

RCP 4.5. The SMRI also shifts from a predominant increase in drought duration of 0.5 months per

decade in the north to a small decrease of -0.5. Only some of these ensemble-averaged changes are

significant, however. With the exception of the PDSI, the DRIe again projects the largest increases

in drought duration, which is even more widespread under RCP 8.5, now encompassing most of the

mountainous north-western region of Sweden, which did not exhibit any change under RCP 4.5.

33



4.4 Projected Changes in Drought Severity and Intensity

From hereon, note that the PDSI has been multiplied by a factor of 1
3 in all figures in order to align the

definitions of drought for side-by-side comparison (see Tables 6 and A.4).

While less significant, projected changes in drought severity (Figures 23 and 24) follow similar pat-

terns to that of drought duration, with precipitation and streamflow-based indices, the SPI and SSFI,

showing decreasing severity under RCP 4.5—peaking at around -13 scores per decade for the SSFI in

Dalarna (catchment id: 654, Figure 9). This peak is about -15 scores per decade under RCP 8.5, sug-

gesting a small dependence on regional climate and higher influence of local catchment-scale properties.

On the other hand, all indices incorporating evapotranspiration exhibited a modest, but consistent, in-

crease in drought severity in many parts of Sweden under RCP 4.5 with most models. These changes are

magnified under RCP 8.5, with virtually all of Sweden showing a consistent increase in drought severity

for all evaporation-based indices (Figure 24). One consistent exception is the SMRI, which shifts from

positive trends in RCP 4.5 to negative trends under RCP 8.5, suggesting that the additional precipitation

outbalances the reduction in snow melt under higher emission scenarios. Additionally, compared to the

SPI, the SMRI consistently show a higher tendency towards increasing drought severity under all emis-

sion scenarios. This might be due to a stark reduction in simulated snow melt during the latter half of

the 21st century. Although the precipitation from the RCMs should include frozen precipitation (and

thus potential snow water equivalent from the same month), these models are fraught with uncertainty

in simulating precipitation; whereas hydrological simulations generally perform better (as discussed in

section 3.3). Lastly, the PDSI also projects higher drought severity in all scenarios, possibly highlighting

the importance of soil moisture.

These results are mostly consistent with that of JRC (2017). For northern Europe, they concurred

that the effects of increasing temperature will likely outbalance that of precipitation over the course of

the 21st century under RCP 8.5, resulting in more severe droughts. Meanwhile under RCP 4.5 they did

not expect drought severity to increase. Our results, however, suggest that this may not be the case,

as significant increases were detected, particularly in southern Sweden, with a high degree of model

agreement (Figures 23 and 24). Since similar GCM-RCMs and indices were used, these differences

may be attributable to differences in PET estimation. It is uncertain which method of PET estimation

performs better; the Hamon method used in this study or the Hargreaves-Samani method used in JRC

(2017); Spinoni et al. (2017) and Spinoni et al. (2018), as they trade blows in different climates (Lu et al.,

2005; Lang et al., 2017).

With the exception of some elevated terrain in the north-west, Spinoni et al. (2018) projects a highly

homogeneous small increase in drought severity across most of Sweden between 1981-2010 and 2041-

2070 based on the SPI, SPEI, and DRI, ranging between 0 and 4 scores per decade under both RCP
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Figure 23 Projected changes in drought severity under RCP 4.5 according to different drought indices between
1961-2007 and 2007-2100. Circled catchment outlets show a high degree of agreement between the RCMs (at

least eight out of the ten RCMs agree on the sign of change) and dotted catchments show a significant ensemble
trend.

4.5 and 8.5. This magnitude of change is consistent with the results of the evaporation-based indices

presented here (the SPEI, DRI, DRIe, and NEDI in particular, Figures 23 and 24). The pattern of change

is also fairly consistent, with south-eastern Sweden (between Stockholm and Skåne) exhibiting the largest

increases in drought severity while the mid-west sees a significant reduction with the SPI, particularly

in one cold spot in Dalarna, which also shows up in the coarser resolution data presented by Spinoni

et al. (2018). While the SPI does work as a predictor for the SSFI, our study shows that the resulting

hydrological drought is often more severe than portrayed by the SPI, in some cases by several orders of

magnitude, as shown in the mid-west of Sweden (Dalarna county).

Overall, total ensemble-average trends in drought severity are significant for all drought indices ag-

gregated at 12 months. However, as seen in Figure 25, precipitation-based indices show an average

decreasing trend (β = –5.69e-05±8.23e-06 SE for the SPI under RCP 4.5) while evaporation-based in-

dices show an average increasing trend (β = 1.83e-04±9.51e-06 SE the SPEI under under RCP 8.5).
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Figure 24 Projected changes in drought severity under RCP 8.5 according to different drought indices between
1961-2007 and 2007-2100. Circled catchment outlets show a high degree of agreement between the RCMs (at

least eight out of the ten RCMs agree on the sign of change) and dotted catchments show a significant ensemble
trend.

As with most other drought properties, drought intensity is highly consistent among different types of

indices and models (Figures 26 and 27). Again, the precipitation and streamflow-based indices project

modest reductions in intensity with the SPI and SSFI, now in most of Sweden, while the evaporation-

based indices, the SPEI, DRI, DRIe, NEDI, and PDSI show consistent increases in intensity across

the country. In this case, the magnitude of increase in intensity peaks around 0.16 scores per month

per decade for the evaporation-based indices and -0.14 (-0.48) for the precipitation (streamflow)-based

indices under RCP 4.5. The patterns are mostly the same as with trends in severity and duration, but more

smoothed, with the eastern-, and southern coasts projected to be most affected by more intense droughts.

Meanwhile, the west may expect a reduction in intense droughts of precipitation and streamflow. The

soil-moisture-based PDSI again shows a high local dependence, with sporadic hot and cold spots. Under

the high emission scenario (RCP 8.5) the patterns are broadly the same, however the projected intensity

of drought is much greater, with a mean intensity 65% greater than under RCP 4.5. This is particularly

the case in the south- and mid-east of Sweden. Trends in evaporation-based indices now peak around

0.24, while the SPI (SSFI) peaks around -0.1 (-0.48).
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Figure 26 Projected changes in drought intensity under RCP 4.5 according to the different drought indices.
Circled catchment outlets show a high degree of agreement between the RCMs (at least eight out of the ten RCMs

agree on the sign of change) and dotted catchments show a significant ensemble trend.
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Figure 27 Projected changes in drought intensity under RCP 8.5 according to the different drought indices.
Circled catchment outlets show a high degree of agreement between the RCMs (at least eight out of the ten RCMs

agree on the sign of change) and dotted catchments show a significant ensemble trend.
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4.5 Projected Changes in the Driest Months

Looking at trends in annual minima of the drought indices, or trends in the driest month each year,

patterns of change become much clearer (Figures 28 and 29). Geographically, the indices show a strong

poleward gradient of increasing wetness under RCP 8.5. This is likely due to the combined effect of high

elevations and latitude. In the case of meteorological drought, elevated or mountainous terrain can still

induce orographic precipitation on the windward side during low relative humidity whereas lowlands

cannot. However, rain shadows on the leeward side of mountains can instead induce drought. Due to

the average synoptic flow, which is south-westerly, northern Sweden resides in a minor rain shadow of

Norway, with higher precipitation at the Norwegian coast, followed by a reduction on the leeward side

towards Sweden (Bärring et al., 2017). This could explain the eastward gradient in the north towards

drier climates under both RCP 4.5 and 8.5. One would think that the the proximity of the Baltic Sea

might reduce the potential for drought towards the East with sea breezes. However, westerly-prevailing

winds might prevent this.

Figure 28 Projected changes in driest month of the year (annual minima of drought indices) under RCP 4.5.
Circled catchment outlets show a high degree of agreement between the RCMs (at least eight out of the ten RCMs

agree on the sign of change) and dotted catchments show a significant ensemble trend.

Unsurprisingly, southern regions naturally exhibit a tendency towards drier annual minima under RCP
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8.5 (Figure 29), likely due to higher equatorward temperatures, more lowlands with reduced precipita-

tion, and a higher degree of urbanization and agricultural development (as shown in the land use map;

Figure 8a). These come associated with the urban heat island effect and possibly higher evaporative

stress from agricultural activities (Zou et al., 2017) which may contribute to heat waves, and thus annual

minima. The heat island effect manifest in the RCMs as changes in the surface parameterization, and

in HBV by the calibration parameters to historically observed hydrometeorological variables. As this is

not a study specifically designed to address the effect of urbanization on drought promotion, or indeed

the effect of any particular landscape feature, this impact is expected to be mild and future studies on the

human influence are warranted (Van Loon et al., 2016).

Figure 29 Projected changes in driest month of the year (annual minima of drought indices) under RCP 8.5.
Circled catchment outlets show a high degree of agreement between the RCMs (at least eight out of the ten RCMs

agree on the sign of change) and dotted catchments show a significant ensemble trend.

One surprising difference between the low- and high emission scenarios (Figures 28 and 29) is that the

precipitation and streamflow-based indices show significant trends of increasing drought minima towards

the north under RCP 2.6 and RCP 4.5 but the opposite (increasingly wet minima) under RCP 8.5, and

vice versa in southern Sweden. While these trends might result from a dependence on more local factors

at the catchment-level, the high dependence on emission scenario suggests a regional influence as well.

Note that while the magnitude of change might seem small in all scenarios, peaking around 0.1 or -0.1
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scores per decade, this corresponds to an entire standard deviation of change in 100 years, corresponding

to a 34% shift in annual minima of precipitation, streamflow, climatic water balance, or other indicators.

The historical scenario was also tested, which showed a highly homogeneous pattern with positive

trends in drought annual minima (Figure 30). This is consistent with that of Gudmundsson & Seneviratne

(2016), who used observational streamflow data, gridded atmospheric data (E-OBS v12), and a machine-

learning-based statistical model to estimate trends in monthly runoff rates across Europe between 1951-

2015. They predicted that there has been a general increase in runoff in most of Sweden, ranging between

5-15% in many counties (see Appendix C.5, Figure C.11). However, they also predicted a reduction in

runoff towards the elevated north-west of Sweden (Norrbotten county, near Kiruna), similar to trends

observed under RCP 4.5 in this study (Figure 28), but not that of the historical scenario. Thus, historical

trends in annual minima should be evaluated further before we attempt to draw conclusions about future

changes.

Figure 30 Historically simulated (hindcasted) trends in driest month of the year (annual minima of drought
indices). Circled catchment outlets show a high degree of agreement between the RCMs (at least eight out of the

ten RCMs agree on the sign of change) and dotted catchments show a significant ensemble trend.
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4.6 Impacts to Different Sectors

We have provided projections of a variety of drought properties and indices and how they are expected

to evolve with time over the 21st century throughout Sweden. Some of these indicators are more for

research purposes. Others can help shape policy decisions. For example, drought intensity is obtained

by normalizing the drought severity by duration. It can more accurately represent public health hazards,

such as heat waves and wildfires, in that short droughts with high scores (high intensity) can more easily

cause temperatures to exceed thresholds conducive to fire hazards or heat waves. In contrast, while long

droughts with small scores are technically severe, as they will affect society and ecosystems at longer

time scales, they are not intense, and hence less likely to directly impact humans and other animals.

Using a multi-model ensemble of GCMs, Russo et al. (2014) projected that very extreme heat waves

would become more frequent under RCP 8.5 than 4.5 in Sweden during the latter half of the 21st century,

showing a 6-fold increase—from 1-3 heat waves every 3 decades (RCP 4.5) to 6-12 (RCP 8.5). This is

mostly consistent with our results (Figures 26 and 27) which, looking at evaporation-based indices, show

a multi-fold increase in drought intensity going from RCP 4.5 to 8.5. This is especially the case in

southern Sweden where up to 10-fold increases are estimated. With regards to wildfires and heat waves,

precipitation and streamflow-based indices are clearly insufficient, and the user should rely on indices

which account for the surface and/or soil moisture balance to properly account for public safety. The

same dangers are apparent to ecosystems according to the NEDI.

To gauge impacts to energy production, based on hydropower dams which make up a large portion of

Sweden’s renewable energy supply, we focus on drought severity (Figures 23 and 24) at higher latitudes

where these dams are located (Appendix C., Figure C.1). Here, streamflow and precipitation-based

indices show a general reduction in drought severity under both modest and high emission scenarios.

However, evaporation-based indices do show an increase in severity. Hence, hydropower dams may need

to consider investing in evaporation-preventitive measures in the future, such as the infamous shade balls

employed in reservoirs in California, United States. The potential efficacy, ethical, and environmental

implications of such quick-fix solutions are still heavily debated however (Haghighi et al., 2018).

4.7 Study Limitations and Uncertainties

This study consists of a multitude of approximations, assumptions, and uncertainties. One of the first

sources of uncertainty comes from the GCMs and RCMs themselves. The sources of uncertainty for

these are beyond the scope of this thesis and can be found in, for example, Warner (2011) and IPCC

(2021). As for HBV, the main limitation, but also strength, is that it considers the whole catchment as

one computational unit. This has been deemed suitable for the catchments in this study as they are fairly

homogeneous and uniform in terms of land use and elevation.
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Another source of error comes from the averaging of RCM data in this study. While including the

error bounds from this is a fairly trivial task, it is not so easily visualized and requires producing a lot

more intricate figures. Hence, model agreement was demonstrated in the results with a simple circle

highlighting whether at least eight RCMs agree on the sign of change. As demonstrated in Section 3.3,

the spread among the different RCMs was relatively low for the average catchment, and the average of

all RCMs attain mostly normal residuals for precipitation and temperature, indicating systematic errors

to be typically small. However, strong deviations in residuals are observed at the extremes, highlighting

a tendency for the RCMs to overestimate precipitation during meteorological drought. Even stronger

deviations were observed for streamflow, which indicates a systematic error in either the RCMs (or

some of them) or the HBV calibration. This suggests that the findings in this study are likely to be

underestimates of future drought. To gauge the magnitude of this uncertainty, one could include both of

these errors, in addition to measurement errors if available.

The next source of uncertainty comes from the choice of distribution and distribution fitting. These

were addressed using the Kuiper test in this study. However, even this test does not perform optimally

for extreme events, yielding overestimates of precipitation with the GEV, which was the most fitted

distribution. So, the distribution fit yields an overestimated number of the simulated data, which is in

itself another overestimate of the observed precipitation. This further solidifies the concern that the

results in this thesis are underestimating future drought.

There are also uncertainties in the statistical tests, which were remedied somewhat via indication of

statistical significance. However, improvements can be made, for example by including more analyses

detailing the statistical error bounds when the full ensemble is considered (for example, the confidence

bounds in Figure 25, only regards the ensemble average).

Lastly, the visual inspection of the spatial characteristics of drought is somewhat subjective. This

can be improved by performing a more rigorous correlation analysis between catchment properties and

trends in drought severity. However, the catchments in this study are fairly homogeneous in terms of

land types, often being forest-dominated. A larger sample of catchments with more diverse properties

may be needed to perform this correlation analysis to aid in detection of important patterns. Of course,

more variability in properties also introduces more confounding factors as well, which can mislead the

researcher.

5 Conclusions

Droughts can have far-reaching and devastating effects on all sectors of society and ecology, but due to

their slow onset and duration may go unnoticed. With significant changes in the frequency and intensity

of precipitation along with temperature rise being observed in most of Europe, changes to drought and
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flood patterns are uncertain. This uncertainty has led to a lax response from local officials in dealing with

mitigation and adaptation to drought, particularly in Sweden. As such, it is prudent that more resources

are dedicated towards decreasing such uncertainties and aiding in the understanding of drought. This

study focused on predicting the changes to future drought in order to identify trends and patterns.

For this, the results from 10 different GCMs and regional climate model (RCM) simulations for the

late 20th century (1961-2006) and the whole 21st century (2007-2100) under three different RCPs (RCP

2.6, 4.5, and 8.5), along with HBV simulations run and calibrated at 50 different catchments throughout

Sweden were utilized. From these runs, ten drought indices—representing different sectors of drought

impact—were developed and merged using principal component analysis and ensemble averaged over

the different RCMs.

Due to the use of moving averages to compute the drought indices at different time scales, all statis-

tical tests had to be adjusted accordingly. This was achieved by generating a large number of random

samples and identifying the number of false positive trends and correlations.

Our model projections did not project significant changes in the frequency of drought over the course

of the 21st century. However, a significant and consistent increase was observed for drought sever-

ity, intensity, and duration under RCP 8.5 in most parts of Sweden. Some local departures, especially

in the streamflow-based index, were still present however, likely highlighting the importance of local

catchment-specific influences. While models agreed on the sign of change in under RCP 4.5, there were

few significant trends in drought severity and intensity.

There was a clear trend towards increasingly drier annual minima (driest month) under the highest

emission scenario (RCP 8.5) in southern Sweden with a poleward gradient of decreasing trends. Mean-

while, RCP 4.5 mostly saw few to no significant changes in annual minima. Along with trends in drought

intensity, this poses uncertainty in whether more wildfires and heatwaves can be expected in the future

climate of Sweden. Additionally, the projected trends in drought severity may pose problems for future

hydroelectric production, water supply, and other societal functions.

During validation of the reference scenario with historical observations, it was identified that both

the RCMs and the index development had a tendency of overestimating precipitation and streamflow

when the observed precipitation was lower, implying that the results in this study are likely underesti-

mates of future drought. Hence, better accounting for these uncertainties and errors will likely lead to

improvements in drought prediction and identification of important catchment parameters.
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Davidson, S. L. & R. C. de Loë (2014). Watershed Governance: Transcending Boundaries. Water Alter-
natives 7, pp. 367–387. URL: http://hdl.handle.net/10535/9525.

47

https://digitalcommons.unl.edu/droughtnetnews/1
https://www.sciencedirect.com/science/article/pii/S0022169418307145
https://www.sciencedirect.com/science/article/pii/S0022169418307145
https://hess.copernicus.org/articles/24/5621/2020/
https://doi.org/10.1623/hysj.52.4.611
https://www.nature.com/articles/sdata2018214
https://www-sciencedirect-com.ezproxy.its.uu.se/science/article/pii/002216949190055M
https://www-sciencedirect-com.ezproxy.its.uu.se/science/article/pii/002216949190055M
https://rmets.onlinelibrary.wiley.com/doi/abs/10.1002/joc.4691
https://www.sciencedirect.com/science/article/pii/S0168192317304100
https://www.nature.com/articles/s41467-021-22314-w
https://www.nature.com/articles/s41467-021-22314-w
https://land.copernicus.eu/pan-european/corine-land-cover/clc2018
https://land.copernicus.eu/pan-european/corine-land-cover/clc2018
https://agupubs.onlinelibrary.wiley.com/doi/abs/10.1029/2010JD015541
https://agupubs.onlinelibrary.wiley.com/doi/abs/10.1029/2010JD015541
https://climatedataguide.ucar.edu/climate-data/palmer-drought-severity-index-pdsi
http://hdl.handle.net/10535/9525


Dubrovsky, M., M. D. Svoboda, M. Trnka, M. J. Hayes, D. A. Wilhite, Z. Zalud, & P. Hlavinka (2009).
Application of relative drought indices in assessing climate-change impacts on drought conditions in
Czechia. Theoretical and Applied Climatology 96.1, pp. 155–171. URL: https://doi.org/10.1007/s00704-
008-0020-x (visited on 04/17/2021).

EEA, E. E. A. (2017). Indicator Assessment - Mean precipitation. Indicator Assessment. URL: https :
/ /www.eea . europa . eu /data - and - maps / indicators / european - precipitation - 2 / assessment (visited on
08/08/2021).

Fowler, K., M. Peel, A. Western, & L. Zhang (2018). Improved Rainfall-Runoff Calibration for Drying
Climate: Choice of Objective Function. Water Resources Research 54.5, pp. 3392–3408. URL: https :
//agupubs.onlinelibrary.wiley.com/doi/abs/10.1029/2017WR022466 (visited on 03/04/2021).

Garcia, F., N. Folton, & L. Oudin (2017). Which objective function to calibrate rainfall–runoff models
for low-flow index simulations? Hydrological Sciences Journal 62.7, pp. 1149–1166. URL: https://www.
tandfonline.com/doi/citedby/10.1080/02626667.2017.1308511 (visited on 03/04/2021).

Gudmundsson, L. & S. I. Seneviratne (2016). Observation-based gridded runoff estimates for Europe
(E-RUN version 1.1). Earth System Science Data 8.2, pp. 279–295. URL: https://essd.copernicus.org/
articles/8/279/2016/ (visited on 09/08/2021).

Haghighi, E., K. Madani, & A. Y. Hoekstra (2018). The water footprint of water conservation using
shade balls in California. Nature Sustainability 1.7, pp. 358–360. URL: https://www.nature.com/articles/
s41893-018-0092-2 (visited on 09/11/2021).

Hakala, K., N. Addor, C. Teutschbein, M. Vis, H. Dakhlaoui, & J. Seibert (2019). “Hydrological Mod-
eling of Climate Change Impacts”. Encyclopedia of Water: Science, Technology, and Society. Wiley,
pp. 1–20. URL: https://onlinelibrary.wiley.com/doi/abs/10.1002/9781119300762.wsts0062 (visited on
03/19/2021).

Hamon, W. R. (1963). Estimating Potential Evapotranspiration. Transactions of the American Society of
Civil Engineers 128.1, pp. 324–338. URL: https://ascelibrary.org/doi/abs/10.1061/TACEAT.0008673
(visited on 09/06/2021).

Hari, V., O. Rakovec, Y. Markonis, M. Hanel, & R. Kumar (2020). Increased future occurrences of
the exceptional 2018–2019 Central European drought under global warming. Scientific Reports 10.1,
p. 12207. URL: https://www.nature.com/articles/s41598-020-68872-9 (visited on 09/08/2021).

Hayes, M. J., M. D. Svoboda, D. A. Wiihite, & O. V. Vanyarkho (1999). Monitoring the 1996 Drought Us-
ing the Standardized Precipitation Index. Bulletin of the American Meteorological Society 80.3, pp. 429–
438. URL: https://journals.ametsoc.org/view/journals/bams/80/3/1520-0477 1999 080 0429 mtduts 2
0 co 2.xml (visited on 04/28/2021).

Hisdal, H., K. Stahl, L. M. Tallaksen, & S. Demuth (2001). Have streamflow droughts in Europe become
more severe or frequent? International Journal of Climatology 21.3, pp. 317–333. URL: https://rmets.
onlinelibrary.wiley.com/doi/abs/10.1002/joc.619 (visited on 03/05/2021).

Hock, R. (2003). Temperature index melt modelling in mountain areas. Journal of Hydrology. Mountain
Hydrology and Water Resources 282.1, pp. 104–115. URL: https : / /www.sciencedirect .com/science /
article/pii/S0022169403002579 (visited on 04/28/2021).

Hosking, J. R. M. (1990). L-Moments: Analysis and Estimation of Distributions Using Linear Com-
binations of Order Statistics. Journal of the Royal Statistical Society: Series B (Methodological) 52.1,

48

https://doi.org/10.1007/s00704-008-0020-x
https://doi.org/10.1007/s00704-008-0020-x
https://www.eea.europa.eu/data-and-maps/indicators/european-precipitation-2/assessment
https://www.eea.europa.eu/data-and-maps/indicators/european-precipitation-2/assessment
https://agupubs.onlinelibrary.wiley.com/doi/abs/10.1029/2017WR022466
https://agupubs.onlinelibrary.wiley.com/doi/abs/10.1029/2017WR022466
https://www.tandfonline.com/doi/citedby/10.1080/02626667.2017.1308511
https://www.tandfonline.com/doi/citedby/10.1080/02626667.2017.1308511
https://essd.copernicus.org/articles/8/279/2016/
https://essd.copernicus.org/articles/8/279/2016/
https://www.nature.com/articles/s41893-018-0092-2
https://www.nature.com/articles/s41893-018-0092-2
https://onlinelibrary.wiley.com/doi/abs/10.1002/9781119300762.wsts0062
https://ascelibrary.org/doi/abs/10.1061/TACEAT.0008673
https://www.nature.com/articles/s41598-020-68872-9
https://journals.ametsoc.org/view/journals/bams/80/3/1520-0477_1999_080_0429_mtduts_2_0_co_2.xml
https://journals.ametsoc.org/view/journals/bams/80/3/1520-0477_1999_080_0429_mtduts_2_0_co_2.xml
https://rmets.onlinelibrary.wiley.com/doi/abs/10.1002/joc.619
https://rmets.onlinelibrary.wiley.com/doi/abs/10.1002/joc.619
https://www.sciencedirect.com/science/article/pii/S0022169403002579
https://www.sciencedirect.com/science/article/pii/S0022169403002579


pp. 105–124. URL: https://rss.onlinelibrary.wiley.com/doi/abs/10.1111/j.2517-6161.1990.tb01775.x
(visited on 04/28/2021).

IEA, I. E. A. (2013). Energy Policies of IEA Countries: Sweden 2013 Review. Tech. rep. URL: https :
//www.iea.org/reports/energy-policies-of-iea-countries-sweden-2013-review (visited on 05/05/2021).

IPCC (2013). Climate Change 2013: The Physical Science Basis. Contribution of Working Group I to
the Fifth Assessment Report of the Intergovernmental Panel on Climate Change. Cambridge, United
Kingdom and New York, NY, USA: Cambridge University Press. URL: www.climatechange2013.org.

— (2021). Climate Change 2021: The Physical Science Basis. Contribution of Working Group I to the
Sixth Assessment Report of the Intergovernmental Panel on Climate Change. Ed. by V. Masson-Delmott,
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Appendix

A. Technical Descriptions

A.1 The HBV Model Routines

HBV-light is mostly identical to HBV, but with a few less functions. HBV takes observations of precipi-

tation (P), air temperature (T), and potential evapotranspiration (PET) as input data and outputs various

runoff components (Q) of a catchment (or multiple sub-catchments) along with snow depth, and actual

evapotranspiration (AET) (Pers, 2015; UZH, 2020). The basis of this model is the water balance equation

(A.1) which assumes that inputs and outputs are balanced by the change in water storage:

P – AET – Q =
d
dt

(Storage) (A.1)

The storage term in HBV consists of snow pack, soil moisture, lake storage, and two saturated zones

(groundwater). The saturated upper zone (SUZ [mm]), constituting shallow groundwater, generates the

quick flow (Q0 + Q1 [mm d–1]) and is modelled as a nonlinear reservoir. The lower zone (SLZ [mm])

constitutes deep groundwater which generates the baseflow (Q2 [mm d–1]) and is modelled as a linear

reservoir. All these inputs, reservoirs, and outputs are linked via five main sub-routines (Figure A.1):

a) Precipitation, snow accumulation and melt

b) Evapotranspiration estimation

c) Soil moisture accounting procedure

d) Runoff response routine

e) Routing routine (transform function)
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Figure A.1 Schematic structure of a subcatchment in HBV-96. Source: Pers (2015)

The snow routine controls snow accumulation/melt and works separately for each elevation and

vegetation zone. It is a method, based on air temperature, with a water holding capacity CWH [-]; the

snow pack retains meltwater until it exceeds CWH. Precipitation is simulated to be either snow or rain

depending on whether the near-surface temperature is above or below a threshold temperature, TT [°C].

If it accumulates as snow, it is multiplied by a snowfall correction factor, SFCF [-]. Refreezing of the

liquid water within the snowpack is equal to CFR × CFMAX (T - TT).

The soil moisture routine computes an index of the water content of the catchment and incorporates

interception and soil moisture storage. Rainfall and snowmelt (S) are divided into the soil and recharging

groundwater based on the relation between the water storage of the soil (SM [mm]) and its maximum

value (FC [mm]):
Recharge

P(t)
=
(

SM(t)
FC

)
β

(A.2)

where β (BETA) is a nonlinearity parameter.

Actual evapotranspiration (AET) from the soil box equals the potential evaporation (PET) if SM(t)

× FC ≤ LP [-] while a linear reduction is used when SM(t) × FC < LP [-]. LP is a factor that defines
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the shape of the reduction curve for PET. Groundwater recharge is added to the upper groundwater

zone (SUZ [mm]). PERC [mm d–1] defines the maximum percolation rate from the upper to the lower

groundwater zone (SLZ [mm]).

The response function controls the dynamics of the generated runoff, and thus its distribution in time

once the water balance is set by the routines for snow and soil moisture. The response function of the

standard model is governed by three recession coefficients (K0, K1 and K2), one percolation capacity

(PERC), and one threshold parameter (UZL). Runoff from the groundwater boxes is the sum of two or

three linear and nonlinear outflow equations based on whether SUZ is above or below a threshold value,

UZL [mm] (Figure A.2).

Figure A.2 Diagram of the HBV response function. Source: Marc Girons Lopez and Eduardo Reynolds
Presentation.

Figure A.3 Diagram detailing the layout of all HBV subroutines routines. Source: Staudinger et al. (2015)

The routing routine transforms this runoff via a triangular weighting function with one parameter

called (MAXBAS) in order to generate the simulated runoff [mm d–1]. If different elevation zones are
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used, the changes in precipitation and temperature with elevation are calculated using the two parameters

PCALT [%/100 m] and TCALT [◦C/100 m].
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A.2 Computing the PDSI

The PDSI is computed at the time step i as a fraction of the PDSI at the previous time-step plus the

Palmer moisture anomaly Z:

PDSIi =
1
3

Zi + 0.897PDSIi–1 (A.3)

Z = Kd (A.4)

K is an empirically determined climate weighting factor and d is the moisture anomaly:

d = P – P̂ (A.5)

where P is the total precipitation for the given time step (1 month in this case) and P̂ is the local climate-

averaged precipitation, also known as the Climatically Appropriate For Existing Conditions (CAFEC)

precipitation—in this case taken as the monthly average precipitation over some calibration period. If

precipitation measurements are not available the water balance equation with CAFEC variables may

substitute it, where ÊT, R̂, R̂O, and L̂ is the CAFEC evapotranspiration, soil water recharge, runoff, soil

water loss respectively.

P̂ = ÊT + R̂ + R̂O – L̂ (A.6)

The PDSI typically takes on values between -10 to +10 and is then classified into categories ranging from

extremely wet to extreme drought (Table A.4).

Table A.4 List of PDSI values and their corresponding drought classification. Source: Lloyd-Hughes & Saunders
(2002)

PDSI Classification
[4.0, +∞) Extremely wet
[3.0, 4.0) Very wet
[2.0, 3.0) Moderately wet
[1.0, 2.0) Slightly wet
[0.5, -1.0) Incipient wet spell
(0.5, -0.5) Near normal
[-0.5, -1.0) Incipient dry spell
[-1.0, -2.0) Mild drought
[-2.0, -3.0) Moderate drought
[-3.0, -4.0) Severe drought
[-4.0, -∞) Extreme drought

Many problems with the PDSI arise from the climate weighting factor (K) as this number was determined

by only nine observation stations in the US decades ago. Hence, although it is a relative index, it is not

broadly applicable to different regions or climates (Lloyd-Hughes & Saunders, 2002). Additionally,
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results are strongly influenced by the chosen calibration period, which further limits its use in other

climate scenarios. It is also not physically-based, time-ambiguous, poor at detecting drought onset, and

is subject to problems associated with PET estimation, such as Thornthwaite’s method (Rajsekhar et al.,

2015). As other forms of precipitation are not explicit in (A.5) and there’s no water storage term in (A.6),

there’s an inherit assumption in the PDSI that all precipitation falls as rain and is immediately percolated

into the soil or displaced as runoff—no snowpack storage—leading to inadequate representation during

winter months and at high elevations (Mukherjee et al., 2018). As such, the PDSI alone cannot be

recommended in high-latitude regions. Additionally, a negative runoff bias is present, as the algorithm

assumes that runoff only occurs during saturation of all soil layers.

Self-Calibrating PDSI The self-calibrating PDSI (scPDSI) (Wells et al., 2004) calibrates the empiri-

cal climate constants (such as K) and duration factors in the previous equations (A.3-A.6) at any location

automatically using dynamical values based on historical data at that region—thus overcoming the prob-

lem with spatial inconsistency while also making the index applicable for changing climates (Dubrovsky

et al., 2009). Replacing the Thornthwaite and Mather method (T-M) with the Penman-Monteith method

(P-M) of PET calculation offers some improvement of the index for climate assessment as radiation bud-

gets, relative humidity, and wind speed factors are considered with the P-M method. Neglecting these

factors leads to an overestimation of drying, particularly in arid regions (Mukherjee et al., 2018). For in-

dices like the PDSI and scPDSI however, this improvement is small and often not necessary (Dai, 2011;

Vicente-Serrano et al., 2010).

Palmer Z Index The Palmer Z index is a derivative output to the PDSI that is more sensitive to short-

term conditions, enabling it to detect droughts earlier. In general, it has the same strengths and weak-

nesses as the PDSI, with significant lag and lack of accounting for frozen soil and precipitation (Svoboda

& Fuchs, 2016).
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A.3 SPI Distribution Fitting

Continuing from section 2.5.4. The gamma distribution takes on the following form, where the probabil-

ity of getting x amount of precipitation is given by g(x):

g(x) =
1

βαΓ(α)
xα–1e

–x
β , for x > 0,

where α is the shape factor (exponential for α = 1 and unimodal for α ≥ 1), β the scale factor, and Γ the

gamma function:

Γ(α) = lim
n→∞

n–1

∏
v=0

n!ny–1

y + v
≡
∫

∞

0
yα–1e–ydy

α and β can be determined using the maximum likelyhood estimation (MLE) as follows:

α̂ =
1

4A

(
1 +

√
1 +

4A
3

)
(A.7)

β̂ =
x
α̂

(A.8)

For n observations:

A = ln(x) –
1
n ∑ ln(x)

Better estimates than α̂ and β̂may be obtained through an iterative approach, where α∗ and β∗ are refined

estimates of α and β:

α∗
β∗

 =

α̂
β̂

–

 ∂ 2
α̂

L ∂α̂∂β̂
L

∂α̂∂β̂
L ∂ 2

β̂
L

∂α̂L

∂
β̂
L

 (A.9)

=

α̂
β̂

–

–nΓ′′(α̂) –n
β̂

–n
β̂

nα̂
β̂2 – 2∑x

β̂3


–1∑ ln(x) – nln(β̂) – nΓ′(α̂)

∑x
β̂2 – nα̂

β̂

 (A.10)

The distribution parameters can also be estimated using L-moments (Hosking, 1990) which allows for

more generalized 3-parameter distributions that allow negative numbers, which is useful for other indices

like the SPEI.
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A.4 Computing the SPEI and DRI

The Drought reconnaissance index (DRI) (Tsakiris & Vangelis, 2005) is the ratio between the cumulative

precipitation and PET for a specific reference period. This index is deemed viable for evaluating drought

impacts on water availability and, as such, is suitable for agriculture and sanitation. The index takes

monthly temperature and precipitation as input and outputs a normalized and standardized index. A

modified version of this index, DRIe is also available where precipitation is replaced by the effective

precipitation for improved water availability representation (Tigkas et al., 2016).

The index behaves very similar to the SPEI. Won et al. (2016) showed that, for the Han River Basin,

the corresponding 3, 6, and 9 month SPEI-DRI correlations were quite high; 0.819, 0.958, and 0.918

respectively. However, extreme values differed significantly, with correlation coefficients corresponding

to 0.783, 0.773, and 0.807 respectively. Note that this is for a humid continental hot summer dry winter

monsoon climate (Dwa). In arid regions, Zarei et al. (2021) compared the DRI and SPEI with annual

agricultural yield loss and found that the SPEI generally reproduced drought better in most types of

climates (hyper-arid, semi-arid, Mediterannean, humid, and hyper-humid) whereas the DRI performed

better in arid regions. These are all regions with high evaporation rates, so it could be argued that the

differences between the SPEI and DRI will probably be insignificant for high latitude regions.

Procedure The DRI is a generalization of the aridity index and based on a ratio between the aggre-

gate precipitation and evapotranspiration for some period (usually 3, 6, 9 or 12 months). The indicator

variable, αik, is calculated as follows for N years:

α
i
k =

j=k

∑
j=1

Pij

/ j=k

∑
j=1

PETij, i = 1 to N (A.11)

where Pij and PETij are the average precipitation and evapotranspiration rates for the jth month of the ith

hydrological year, starting in October in the Northern hemisphere. The aggregation period is denoted by

k, often taken to be 3, 6, or 12 months. For k = 12, or DRI-12, the index simply becomes the aridity index.

The indicator variable is then standardized, and fitted to a distribution to obtain the DRI (Mohammed &

Scholz, 2017).

This ratio deemphasizes temperature as opposed to the SPEI and is also undefined for PET = 0, which

may occur during winter in some regions (Vicente-Serrano et al., 2010). Its distribution often follows a

log-normal or gamma distribution.

As the DRI has been used extensively for estimating agricultural drought, the modified drought re-

connaissance index (DRIe) was later introduced, replacing the precipitation term in the DRI with the

effective precipitation (Pe), which more accurately represents the amount of precipitation that can be
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consumed by plants, as opposed to being lost to deep percolation (Tigkas et al., 2016). The Pe is easily

computed from HBV outputs, which makes the use of this index appropriate.
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A.5 The SMRI and HBV Snow Routine

Procedure The SMRI is computed from the daily sum of snow melt and rain (MR). To obtain the

snow melt, a snow model has to be used. Staudinger et al. (2014) used the HBV-light model and its

built-in snow model which only requires temperature and precipitation. Again, HBV models snow ac-

cumulation based on a threshold temperature, the TT parameter, and the melt rate based on a method

(see Appendix A.1 for details). Staudinger transformed the MR into the SMRI using a Pearson type III

distribution.

The snow melt rate can be calculated via an energy balance approach, by considering the radiation

budget, or using a temperature-index approach, in this case the degree-day method. The degree day

method uses an empirical relationship between the the melt rate (M [mm d-1]) and the degree-day factor

(DDF [mm°C-1 d-1]), which expresses how much melt occurs for every positive degree per day. The

melt rate is proportional to the daily average air temperature (Tair [°C]) and the base temperature (Tb

[°C]) difference via this DDF (A.12). In Staudinger et al. (2014), Tb is simply set equal to the threshold

temperature (TT) determined by HBV.

M = DDF(Tair – Tb) (A.12)

This approach is less accurate and robust than the energy balance approach—especially given the DDF,

for which there is no universal value—but is much less demanding in terms of input data. The DDF

is typically determined using regression on cumulative snowmelt vs cumulative positive degree-days

charts or using a combination of satellite and field measurements. Typical ranges of DDF are provided

in Table A.5. The snow model used for the SMRI in Staudinger et al. (2014) allows for 10% of the

Table A.5 Ranges of DDFs [mm°C-1 day-1] for snowpack and glaciers in different regions. Sources: Hock
(2003); Zhang et al. (2006)

Seasonal snowpacks DDF (snow) DDF (ice)
Sweden 3.2-5.0
Finland 2.8-4.9
United States (West) 2.5-4.9
Canada (East) 0.3-1.8
Canadian Prairies 0.9-2.8
Glaciers
Swiss Alps 5.3 7.1-11.7
Svalbard 3.5-4.5 5.5-13.8
Nepal 7.9 8.7-9.3
Himalayas 9.3-16.9
Greenland 18.6-22.2
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simulated snow-water equivalent (SWE) to be stored and liquid water to be refreezed in the snow at a

reduced rate compared to snow melt.

The snow routine in HBV is provided in Algorithm 1. (lines 1-2) If the temperature at the current time

step, T(i), is below the threshold temperature, TT (°C), the amount of refreezing, R(i) (mm), is simply the

degree day method (A.12) in reverse or, if there’s insufficient snow liquid water content (LWC) [mm],

all the available snow LWC refreezes. The amount of refreezing is determined not only by the degree

day factor but also the refreezing factor (CFR) [-]. (line 3) The resulting snow accumulation, A(i) (mm),

is then the sum of refreezing, the snow liquid water from precipitation, and the snow from the previous

time step. (line 4) The snow LWC is then simply the LWC from the previous time step minus the amount

of refreezing. (line 6) If T equals or exceeds TT, the melt rate is determined using the regular degree-day

method (A.12) or, if the rate of potential melt exceeds the amount of snow available, simply equals the

SWE of the snow. (lines 7-8) For these days, the snow accumulation is also reduced by the amount

of snow melt, which is added to the LWC of the snowpack along with precipitation. (lines 9-12) The

snowpack has a maximum maximum water holding content of snow pack (CWH) [-] which constrains

the amount of LWC that may form. Any excess LWC is discharged from the snow as surface runoff (Q)

[mm]. Staudinger et al. (2014) used a constant CWH value of 0.1.

Algorithm 1 HBV Snow routine in MATLAB syntax. Adapted from: Staudinger et al. (2014).

1 if T(i) < TT

2 R(i) = min(LWC(i-1), CFR*CM*(TT-T(i)));

3 A(i) = A(i-1) + P(i) + R(i);

4 LWC(i) = LWC(i-1) - R(i);

5 else

6 M(i) = min(A(i-1), CM*(T(i) - TT);

7 A(i) = A(i-1) - M(i);

8 LWC(i)= LWC(i-1) + P(i) + M(i);

9 if LWC(i) > CWH*A(i)

10 Q(i) = LWC(i) - CWH*A(i);

11 LWC(i) = CWH*A(i);

12 end

13 end
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B. Statistics and Theory

B.1 Hypothesis Testing with Model Ensembles

Following Storch & Zwiers (2013), testing one model with one scenario and one forcing scenario against

historical data is fairly straightforward and a well-posed problem. This statistical test allows the re-

searcher to infer impacts—to the extent that the result is conditional upon the given model and forcing

scenario. The null hypothesis in this case is H0: ”The average precipitation does not increase in realiza-

tions of model A using scenario B.”. However, when multiple models, running multiple scenarios with

multiple forcing scenarios are analyzed, this problem is no longer well-posed.

Assume we have n climate change scenarios with a given projection in precipitation p1, ...,pn. In a

world without forced change. The number of positive (m) and negative (n – m) trends (or differences

with respect to a historical scenario) is expected to asymptotically approach equal numbers if the null

hypothesis is true: E(m/n) = 0.5 (where E denotes the expected value of a random variable). Provided

an infinite population of scenarios P, if pi are drawn independently from this population, and H0 is true,

then m follows a binomial distribution B(m;n,0.5) where the probability of a positive pi is 0.5. Our

random variable in this case is X = ”no. of positive trends from independently sampling P, k times.”, and

the binomial distribution dictates the probability of X = x, where x is number of actual positive trends

scored. The number of positive trends (m∗) yielding a 5% rate of false positives can then be determined

by the cumulative binomial probability distribution, equation (B.1):

∑
k≤m∗

B(k;n,0.5)≤ 5% (B.1)

That is, the significance level of 5% is achieved when m ≤ m∗ because this scenario would occur in

5% or fewer cases when the two outcomes (positive or negative trend) are equally likely. For n = 10

RCMs, the critical value of 5% for the binomial distribution is only achieved when m∗ = 1, which yields

a cumulative probability of 1.07%. That is, for statistical significance, nine out of the ten RCMs need to

show the same sign of trend (the rate of false positives increases to 5.47% for m∗ = 2).

This all assumes that the scenarios are independent, which is not exactly true in this case. A larger

problem stems from the inferences made in this analysis. Are p1, ...,pn representative of a larger pop-

ulation (P) of scenarios with different RCMs, GCMs, and driving forces? The use of the binomial

distribution above assumes this is the case, but in reality, the method of choice of models/scenarios

may not be robust. P in this case would consist of every possible scenario conceivable. The IPCC and

climateprediction.net simplified these issues by separating the models by either RCP scenario or model

class and then evaluating each population qualitatively or by systematically changing parameters of oth-

erwise identical models. This is beyond the scope of this thesis, but should be kept in mind.
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If the models are known to, say, overestimate precipitation, as in Figure C.2, then an argument can

be made for increasing the probability parameter in equation (B.1), such that the probability of scoring

more positive trends in precipitation is higher than scoring negative trends. Even a minor change of

1% overestimation in precipitation implies we can increase the significance threshold to m∗ = 2, for an

equivalent significance level of 4.8%. Hence, in this thesis, a model ensemble is considered significant

if at least eight of the ten RCMs show the same sign of trend.
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B.2 Extreme Value Theory

Paraphrasing Jacob et al. (2020), the extreme value theory (EVT) allows for extrapolation beyond the

range of available data. For example, to quantify the probability of droughts, floods, etc. with a magni-

tude far greater than normal. This theory stems from the idea that processes that generate extreme events

may be different from processes that govern ’typical’ events. I.e. extreme events may not follow the

same distribution as typical events. EVT is the statistical framework of these ideas.

An extreme event may result from an accumulation of many events or from an event that exceeds a

certain threshold—governed by the central limit and extreme value theorems respectively. For example,

a riverbank may erode gradually over time with seasonally fluctuating water levels or it may break in a

single flash flood.

EVT is an asymptotic theory, which means it considers the limit as the sample size approaches infinity.

To describe extreme events, EVT deals with two problems: the domains of attraction problem and the

limit problem. The former seeks to provide the conditions which ensure a distribution function occurs

in the limit. The latter seeks to find all possible distributions that may occur in the limit and derive a

general form for these.

Under climatic change, one can assume that the extreme value distribution shifts, but does not change

in shape Marcos-Garcia et al. (2017) That is, unless the processes that govern the distribution of extremes

change.
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C. Supplemental Figures and Results
List Hydro-Power Plant Locations in Sweden

Figure C.1 Geographical distribution of hydro-power plants in Sweden. Source:
https://en.wikipedia.org/wiki/List of power stations in Sweden [Accessed: 2021-08-10]
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C.1 Climate- and hydrological model performance
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Figure C.2 Residual error between monthly observed and simulated precipitation (ΔP = Pobs – Psim), streamflow
(ΔQ = Qobs – Qsim), and temperature (ΔT = Tobs – Tsim) for all catchments between 1961 and 2005. The

simulated data has been averaged by RCM.
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Figure C.3 Normal probability plot of residual error between monthly observed and simulated precipitation
(ΔP = Pobs – Psim), streamflow (ΔQ = Qobs – Qsim), and temperature (ΔT = Tobs – Tsim) for all catchments
between 1961 and 2005. The simulated data has been averaged by RCM. Straight lines indicate theoretical

normal distributions with means and standard deviations identical toΔP, ΔQ and ΔT respectively.
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Figure C.4 Taylor diagram for temperature catchment-ensemble averages of RCM performance compared to
observations between 1961-2007.

Figure C.5 Taylor diagram for precipitation catchment-ensemble averages of RCM performance compared to
observations between 1961-2007.
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Figure C.6 Taylor diagram for streamflow catchment-ensemble averages of RCM performance compared to
observations between 1961-2007.
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C.2 Distribution Fitting

Table C.7 Best fit for each index and aggregation period for each scenario.

SPI SSFI SPEI SMRI DRI DRIe 1NEDI 2NEDI 3NEDI 4NEDI
Historic

1m GEV GEV GEV GEV Gamma GEV GEV GEV GEV GEV
3m L-L GEV GEV L-L Gamma GEV GEV GEV GEV GEV
6m L-L L-L GEV GEV GEV GEV GEV GEV GEV GEV
12m GEV L-L GEV GEV t L-S GEV GEV GEV GEV GEV
24m GEV GEV t L-S GEV t L-S GEV t L-S GEV GEV GEV
48m GEV GEV t L-S GEV t L-S GEV t L-S GEV GEV t L-S

RCP 2.6
1m Gamma GEV GEV Gamma Gamma GEV GEV GEV GEV GEV
3m Gamma Gamma GEV Gamma Gamma GEV GEV GEV GEV GEV
6m GEV Gamma GEV GEV GEV GEV GEV GEV GEV GEV
12m GEV L-L GEV GEV GEV GEV GEV GEV GEV GEV
24m GEV GEV GEV GEV t L-S GEV GEV GEV GEV GEV
48m GEV GEV GEV GEV t L-S GEV GEV GEV GEV L

RCP 4.5
1m Gamma GEV GEV Gamma Gamma GEV GEV GEV GEV GEV
3m Gamma Gamma GEV L-L GEV GEV GEV GEV GEV GEV
6m GEV Gamma GEV GEV GEV GEV GEV GEV GEV GEV
12m GEV L-L GEV GEV GEV GEV GEV GEV GEV GEV
24m GEV GEV GEV GEV GEV GEV GEV GEV GEV GEV
48m GEV GEV GEV GEV t L-S GEV GEV GEV GEV L

RCP 8.5
1m Gamma GEV GEV Gamma Gamma GEV GEV GEV GEV GEV
3m L-L Gamma GEV Gamma Gamma GEV GEV GEV GEV GEV
6m GEV Gamma GEV GEV GEV GEV GEV GEV GEV GEV
12m GEV L-L GEV GEV t L-S GEV GEV GEV GEV GEV
24m GEV GEV GEV GEV GEV GEV GEV GEV GEV GEV
48m GEV GEV GEV GEV t L-S GEV GEV GEV GEV GEV
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C.3 Effect of Moving Averages on Statistical Tests
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Figure C.8 Relative number of false positives (cumulative number of statistically significant randomized
samples) per number of iterations for the Wilcoxon rank sum test. 100,000 normally distributed randomized pairs

of samples of size 1000 were tested for each moving average (MA) window at 5% significance.
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Figure C.9 Relative number of false positives per number of iterations for the Mann-Kendall trend test at varying
levels of significance. 100,000 randomized pairs of samples of size 1000 were tested for each moving average

(MA) window. The equivalent α which yields an approximate 5% rate of false positives was found through trial
and error. Machine precision prevented the derivation of these αs for 24- and 48-element MAs.
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C.4 Projected changes in meteorological drought frequency by JRC (2017)

RCP 4.5 RCP 8.5

Figure C.10 Projected changes in meteorological drought frequency based on the EURO-CORDEX multi-model
ensemble under RCP 4.5 and 8.5 between 1981-2010 and 2041-2070 using the standardized precipitation index

(SPI). Adapted from JRC (2017).
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C.5 Historical trends in runoff of driest month (1951-2015) by Gudmundsson & Senevi-
ratne (2016)

Figure C.11 Trends in runoff of driest month between 1951-2015 as determined by gridded atmospheric data and
observational streamflow measurements. Sources: Gudmundsson & Seneviratne (2016); EEA (2017)
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D. Software Used

HBV-Light

• Developer: Hydrologiska Byråns Vattenbalansavdelning

• Year: 2012

• Version: Seibert & Vis (2012)

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

MATLAB

• Developer: The MathWorks, Inc.

• Year: 2021

• Version: R2021a

• Available at: https://mathworks.com/

QGIS

• Developer: QGIS Development Team (open source)

• Year: 2021

• Version: 3.18.2 ’Zürich’

• Available at: https://www.qgis.org/en/site/
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