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Glossary 

Global Global refers to either datasets which cover 
(nearly) the entire world, or to modelling activi-
ties which treat a dataset as a single entity 
(which may be the world). 

 
Local Local refers either to data which has been pre-

pared to be used for a case study location at the 
desired scale, or to modelling activities which 
treat address variability within the dataset.  

 
Environmental model  Any model which deals with phenomenon which 

occur in the natural world and which are com-
posed of some natural systems. 

 
Water scarcity  The excess of societal water demand over water 

availability, due to physical shortage or water ac-
cess. 

 
Water poverty  A low level water scarcity concept, dealing with 

the lack of water to cover basic needs (drinking 
water, sanitation, irrigation) of population. 

 
Composite indicator Sometimes referred to as a composite index.  

Composite indicators are statistical tools to ag-
gregate a set of indicators which have no mean-
ingful common measurement and which cannot 
be trivially weighted. 

 
Fine-scale estimate  An estimate of some quantity, process or under-

standing with a higher spatial resolution than 
some aggregated starting point. 

 
Downscaling  The procedure to obtain disaggregated (i.e., a 

fine scale) estimate of a quantitative measure 
from an aggregated (i.e., a coarse scale) starting 
point. 
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Interpolation  The process to finding values for unknown data 
points within a domain defined by known, dis-
crete data points. 

 
Areal interpolation Spatial interpolation technique where the 

known data locations describe an area, and 
where unknown data locations are overlapping, 
but nonconformable areas. 

 
Ensemble A collection of simulation outputs. May consist 

of outputs of a single model with multiple para-
metrisations or boundary conditions, outputs of 
multiple models, or outputs of multiple models 
with multiple parametrisations or boundary 
conditions. 

 
Meta-modelling  Also known as model emulation or surrogate 

modelling. Meta-modelling is the process of em-
ulating the output of a model using another, typ-
ically statistical, model. The aim of meta-model-
ling is commonly to save resources compared to 
running the original model in applications with 
high computational expenses. 

 
Bias A systematic error in a model output compared 

to observation data. 
 

Fitness-for-purpose A concept and a set of criteria to determine 
whether a certain model may be used for a spe-
cific purpose. Many sets of criteria exist; I use 
the set by Hamilton et al. (2021) consisting of re-
liability, usefulness, and feasibility. 

 
Reliability A reliable model is one which is technically cred-

ible in its capability of producing outputs, and 
which is fair and inclusive – i.e., legitimate. 

 
Usefulness A useful model is salient, covering the end-users 

needs, it’s inputs and outputs should be accessi-
ble, and is transparent. 

 
Feasibility A feasible model is one which may be developed 

and applied within given resource constraints 
set by time, budget, data, and expertise.
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1 Introduction 

The world is facing unprecedented global environmental change (IPCC, 2021). 
Scholars have predicted an increase in floods (Arnell and Gosling, 2016; Hira-
bayashi et al., 2013), droughts (Dai, 2013; Sheffield and Wood, 2008), heatwaves 
(Meehl and Tebaldi, 2004; Perkins et al., 2012), tropical storms (Knutson et al., 
2010), changes in ecology (Thompson et al., 2021), compound hazards 
(Zscheischler et al., 2018) and water scarcity (Munia et al., 2020; Schewe et al., 
2014), among other maladies. A common feature for each of these studies is that 
they are derived using environmental modelling, which is increasingly required 
in environmental management (Jakeman et al., 2006). All of these studies are 
linked to the hydrological cycle and are global in their extent, each featuring 
strong spatial variation in their environmental modelling output. The solutions to 
many of the issues explored in the examples require an understanding of the phe-
nomenon at a local spatial scale, which means interventions tailored for each im-
plementation location.  

The use of global data for local uses is challenging; validation of the global mod-
elling is commonly limited to coarse spatial scales, and is potentially not done at 
all in data scarce areas due to lack of data to validate against. The environment is 
inherently unobservable as a whole (Beven, 2009) and existing (hydrological) 
monitoring networks are biased towards developed countries (Do et al., 2018).  
Furthermore, the extent of on-the-ground monitoring networks relating to the 
hydrosphere have recently declined (Fekete and Vörösmarty, 2007; Mishra and 
Coulibaly, 2009; Shiklomanov et al., 2002). Rapidly increasing remote sensing 
and global datasets useful in hydrology (Durand et al., 2021; Lindersson et al., 
2020; Sheffield et al., 2018) have alleviated the problem of missing data in part, 
but missing on-the-ground observations means that we are increasingly depend-
ent on potentially unvalidated modelling and alternative information sources to 
tell us about the state of the environment. The declining number of monitoring 
stations also makes it more challenging to validate and evaluate our models.  

Facing a local environmental issue with missing useful local observation data, 
we have a few options: 1) obtain local observations (e.g., by starting a monitoring 
program); 2) estimate the missing information at the local scale through model-
ling; or 3) use whatever existing data is available, ill-fitting or not. The first two 
options – collecting data and modelling – however, may be resource-intensive en-
deavours costing time and money, may require collecting ancillary data, or may 
require expertise not directly available. Limited resource availability may lead to 
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suboptimal modelling choices (Addor and Melsen, 2019; Melsen, 2022). Alterna-
tively, researchers and practitioners may turn to the third option of using existing 
datasets for their problem solving. Several authors have found global datasets re-
lating to the hydrological cycle useful for local applications, at least after valida-
tion and some processing (e.g. Ibarra et al., 2021; Meijer et al., 2021; Siderius et 
al., 2018), which should account for the ontological differences between the 
source data and the use case (Comber et al., 2004).  

In environmental sciences, the processing required to obtain estimates at fine 
spatial scales commonly involve modelling, typically by either dynamic or statis-
tical downscaling from existing coarse scale data (e.g. Benestad et al., 2008; 
Fowler et al., 2007; Teutschbein and Seibert, 2010; von Storch and Zorita, 2019; 
Xu, 1999). The downscaled data may provide the desired output itself or may be 
used as an input for further modelling. Similar strategies are employed in other 
fields as well. In population estimation studies, fine-scale estimation objective is 
often described as spatial allocation or disaggregation with, for instance, differ-
ent spatial interpolation and modelling methods (e.g. Comber and Zeng, 2019; 
Eicher and Brewer, 2001; Huyen Do et al., 2015; Leyk et al., 2019, 2013; Liu et al., 
2008; Tatem, 2017). In a closely related field of demographic research, the objec-
tive goes under small area estimation, where the focus is on obtaining reliable 
estimates in domains with little or no observation data (e.g. Jiang and Rao, 2020; 
Pfeffermann, 2013). Despite termed with area, small area estimation applies not 
only to spatial domains, but others as well. These three (among many other) tra-
ditions have significant overlap in the methods they employ.  

 When solving for environmental problems, we are often not only interested in 
the state at the fine scale, but also on how that state came about. It is therefore 
important for fine-scale estimation to understand how characteristics and pro-
cesses affecting the state are linked (Iwanaga et al., 2021; Teutschbein et al., 2018, 
2015). These cross-scale interactions are among the unsolved problems in hydrol-
ogy (Blöschl et al., 2019). Moreover, water is an ecological and societal issue and 
cannot be fully solved with the traditional statistical methods alone (Di Baldas-
sarre et al., 2021, 2019; Vanelli et al., 2021), because human activity has an ever-
increasing impact on the hydrological cycle (Blair and Buytaert, 2016; Cooley et 
al., 2021; Haddeland et al., 2014).  

The usability of existing coarse scale datasets for local applications depends on 
the contexts of the original and the new application of that data. The importance 
and identifiability of processes change with scale and can be characterised (Ben-
estad et al., 2015; Blöschl, 2022; Hewitt et al., 2017; Mai et al., 2022; Skøien et 
al., 2003). Hydrologists have identified the heterogeneity in dominant processes 
(a.k.a., the uniqueness-of-place) as a major issue in modelling of the water envi-
ronment (e.g. Beven, 2000).  

There seems to be, however, a lack of studies which would synthesise how exist-
ing model outputs could be used to obtain local water scarcity estimates in areas 
with limited data availability. Water scarcity exhibits itself differently at different 
scales; at a global scale, the indicators used are highly aggregated (e.g. Kummu et 
al., 2016; J. Liu et al., 2017; Mekonnen and Hoekstra, 2016; van Vliet et al., 2021), 
whereas locally relevant indicators are more complex and resource-intensive, the 
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local data for which may not be available (such as the Water Poverty Index, WPI;  
Sullivan, 2002; Sullivan et al., 2003).  

Overall, while various methods already exist to provide estimates of quantities 
and processes at a fine spatial scale, there remains a need for methods that are fit 
for purpose in meeting resource constraints – including time, types of expertise, 
computational expense, budget, and available geoinformation. At the same time, 
the methods need to be sufficiently reliable, which requires a nuanced under-
standing of what makes a method useful. This dissertation is intended to help 
meet this need by developing new methods and evaluating their reliability and the 
spatial and other contexts in which they are useful. In short, I provide new ways 
to address the problem of obtaining fine-scale estimates which are useful, reliable, 
and feasible for local scale water scarcity-related assessments under resource con-
straints. 

 

1.1 Research objective and questions 

The objective of this thesis is to develop and test spatial methodologies which may 
be used to obtain estimates of different aspects of water scarcity at fine spatial 
scale with limited resources – data, budget, time, or expertise. The research in this 
dissertation was done using a constructive research method. In constructive re-
search, a solution to a predefined problem is designed and evaluated (Hevner et 
al., 2004; Pastan, 2015). The construct can be, e.g., a process, a tool, or a practice. 
Three research questions guide the journey to this objective: 

 
1. What methods can be used to provide fine-scale estimates and capture 

local spatial variation in processes within the constraints of available re-
sources? 

 
2. How are the developed methods useful and what are their limitations? 

 
3. What contextual factors affect the performance of the methods? 

 
The context of the research questions stem from the objective, and therefore an-
swers are sought from potential spatial methods to address information needs re-
lated to water scarcity.  

1.2 Scope of this thesis 

The research questions, in particular the first one, are broad and cannot be an-
swered exhaustively in a single thesis. This work is not intended as a review of the 
plethora of methods which may be used for fine-scale estimation, rather, it focuses 
on a few selected ways of obtaining them. The selected methodologies discussed 
here are strictly those constructs which I developed for each case study and leave 
out other potential fine-scale estimation methods. The research in each case study 
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is methodological in spirit, developing and exploring the methods for the partic-
ular purpose of the case studies. Furthermore, fitness-for-purpose evaluation of 
the developed methodologies – i.e., their usefulness, reliability and feasibility – 
are done within the limits each case study provide.  

This thesis consists of four case studies across four articles. Article I deals with 
water poverty in Laos with the objective of increasing understanding in the spatial 
and seasonal differences in the processes which explain water poverty – a low-
level measure of water scarcity. The case study in Article II assesses the useful-
ness of advanced areal interpolation methods in downscaling environmental 
model outputs, in this case, runoff as a measure of water resource. My aim here 
was to obtain local-scale estimates from coarse global data. Article III examines 
the properties of the advanced areal interpolation methods from the previous case 
study with the aim to explain the usefulness of the method with regards to envi-
ronmental models, and to assess a more sophisticated use of advanced areal in-
terpolation to obtain fine-scale estimates of runoff. The final case study in Article 
IV is concerned in obtaining downscaled and improved streamflow estimates 
from a multi-model ensemble of global hydrological models. Streamflow as a 
proxy for water availability is a key aspect of water scarcity assessments. 

 

1.3 Structure of this thesis 

Following this introduction in Section 2, I provide the background theory which 
supports the methods. This section includes introductions to the information re-
quirements in water scarcity assessments, the used descriptive and predictive sta-
tistical methods, and environmental modelling. Section 3 describes the methods 
used in the case studies, building on the theory provided in the previous section. 
Here I also provide information on the datasets used in the case studies. Section 
4 summarises and interprets the results from the case studies to provide answers 
to the research questions. Section 5 expands this discussion to the chosen strate-
gies, fitness-for-purpose criteria and future directions of research stemming from 
literature and my findings. Finally, Section 6 provides conclusions. 
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2 Theory 

This section gives background theoretical knowledge to the thesis, which is a pre-
requisite to the methods developed in the included case studies. Section 2.1 begins 
with a short introduction to water scarcity and what information is needed to as-
sess it. Following that, Section 2.2 covers the descriptive and section 2.3 the pre-
dictive statistical methods used in the methods I discuss in this dissertation. Sec-
tion 2.4 completes the theory chapter by discussing environmental and hydrolog-
ical modelling methods. 

 

2.1 Information requirements for water scarcity assessments 

Water scarcity refers to a condition where the water availability is exceeded by the 
requirements of human societies and the environment (Alcamo and Henrichs, 
2002; Falkenmark et al., 1989; Vörösmarty et al., 2000). A large number of dif-
ferent indicators inspecting water scarcity through various lenses have been de-
veloped (J. Liu et al., 2017). Ultimately, water scarcity is composed of two key 
dimensions: water availability (supply) and water demand or use. The key infor-
mation requirement in water scarcity assessments is therefore to know how much 
water is available for a certain purpose, and how much that purpose requires or 
uses water.  

Hydrological information about water availability at point locations can be rel-
atively reliable (but subject to some uncertainty as shown by Di Baldassarre and 
Montanari, 2009) obtained from gauged observation data through agencies main-
taining the gauges (or collections of gauged data, such as the Global Runoff Data 
Center (https://www.bafg.de/GRDC/EN/Home/homepage_node.html), or the 
Global Streamflow Indices and Metadata Archive (Do et al., 2018). These are, 
however, only available at point locations. For ungauged locations, estimates need 
to be established via modelling (see e.g. the review of the International Associa-
tion of Hydrological Sciences decade of Prediction in Ungauged Basins; Hra-
chowitz et al., 2013), and are increasingly helped by advances in remotely sensed 
hydrological information (Durand et al., 2021) and other data collections (Lin-
dersson et al., 2020). Water demand, on the other hand, is driven by the require-
ments of human society and the needs of different sectors (Huang et al., 2018), as 
well as the water needed to sustain the environment (Pastor et al., 2014).  

Both water availability and water demand, however, are influenced by eco-
nomic, institutional, political (Molle and Mollinga, 2003), and water quality (van 
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Vliet et al., 2021, 2017) factors, among others. Understanding the processes be-
hind the issue – be it a physical lack of water, political or economic issue, lack of 
infrastructure, or any other reason – is required in order to develop efficient in-
terventions (Hauer et al., 2017; Lade et al., 2017). Not knowing what processes to 
include (in modelling) is a common source of unsuccessful modelling in complex 
social issues (Edmonds et al., 2019). 

The Water Poverty Index used in this thesis is a holistic indicator developed to 
address water poverty – sufficient water availability to cover basic needs. Water 
poverty is a low-level concept of water scarcity, covering aspects of physical water 
availability, social dimensions of access to water, and environmental water re-
quirements (Sullivan, 2002; Sullivan et al., 2003; Sullivan and Meigh, 2007). 
Thus, water scarcity (and water poverty) assessments require information about 
the quantity of water available for water needs, as well as information on the pro-
cesses relating to the needs and access to sufficient amount of water. 

 

2.2 Descriptive statistical methods 

2.2.1 Principal Component Analysis 

Principal component analysis (PCA) is a multivariate statistical analysis method 
which projects a numerical data matrix X on to a new coordinate system (Jolliffe, 
2002; Jolliffe and Cadima, 2016). The new coordinate system consists of principal 
components (PC – i.e., new variables) which are uncorrelated with one another. 
The PCs are commonly ordered so that the first PC explains highest proportion of 
variance in X, and sequentially until the last PC with the smallest proportion of 
variance explained. Due to this property, PCA is often used as a dimensionality 
reduction method which explains maximum amount of variance (i.e., retain max-
imum amount of information) in the original data X with least number of varia-
bles (Jolliffe, 2002; Jolliffe and Cadima, 2016). Other uses include, for example, 
descriptions of the data structure, as well as eliminating correlations among ex-
planatory variables for further modelling.  

Technically, PCA is an orthogonal linear transformation technique using eigen-
decomposition, 

 
  (1) 

 
where  is a matrix of eigenvectors and  is a diagonal matrix of eigenvalues, and 

is the variance-covariance matrix (Demšar et al., 2013; Harris et al., 2011). The 
eigenvalues represent the variances of the variables in X, and the eigenvectors are 
the component loads of the new variables. If the data matrix is standardized to 
zero mean and unit variance,  is equivalent to a correlation matrix where the 
sum of the diagonal elements is equal to the number of variables. The use of stand-
ardised data matrix is appropriate the variables of X have different units of meas-
urement (Hair et al., 2006; Jolliffe and Cadima, 2016).  
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To achieve the dimensionality reduction, only a set of the most important PCs 
is retained. Rules on how many PCs are retained vary (Hair et al., 2006), with 
common rules including the latent root criterion (retain all PCs with eigenvalue > 
1) or the number of PCs which explains a specified amount of variation in X.  

Authors in environmental sciences, social sciences and others have long used 
multivariate methods such as principal component analysis and the like to char-
acterise datasets and to identify patterns in order to increase understanding in 
various issues at various scales (e.g. Nosvelli and Musolesi, 2009; Salmivaara et 
al., 2013; White et al., 1991).  PCA has also proven useful in downscaling to in-
crease the sensitivity to particular contexts requiring understanding in local pro-
cesses (Benestad et al., 2015).  

 

2.2.2 Geographically weighted PCA 

The standard PCA assumes stationarity in the data matrix X. Applications of PCA 
to spatial data, however, cannot assume stationarity due to spatial heterogeneity 
and spatial autocorrelation (Demšar et al., 2013). Spatial heterogeneity means 
that processes, i.e. parameters and relationships, can vary locally (Fotheringham 
et al., 2002). Spatial autocorrelation is the correlation of variable values within 
geographic space consisting of two parts: 1) relationship between observations; 
and 2) spatial relationship between those observations (Getis, 2008).  Geograph-
ically Weighted PCA (GWPCA; Fotheringham et al., 2002; Harris et al., 2011) is a 
variant which accounts for spatial heterogeneity. GWPCA builds on a larger family 
of Geographically Weighted (GW) methods, including GW summary statistics 
(Brunsdon et al., 2002), GW regression (Fotheringham et al., 2002), GW random 
forest (Santos et al., 2019), and others (Tsutsumida et al., 2017). The core idea in 
GWPCA is to perform standard PCA on a geographically weighted sample for all 
locations of interest, effectively shifting the scope of the analysis from a global 
(i.e., the entire dataset) to the local geographic space (Demšar et al., 2013; Harris 
et al., 2011).  

GW eigenvalues  and eigenvectors  for the point-of-interest can be obtained 
by computing a weighted variance-covariance matrix for location  

 
 (2) 

 
where  is a diagonal matrix of weights obtained using a kernel density func-
tion. The purpose of the kernel density function is to derive weights for all obser-
vations within a certain distance defining the extent of the ‘locality’ of the point-
of-interest. The distance – or bandwidth – can be optimised computationally by 
selecting the bandwidth that minimises the proportion of variance left unex-
plained by a predefined number of PCs, trying out different combinations of band-
widths and retained PCs, amongst other methods. The bandwidth may also be 
determined based on expert knowledge. An alternative approach is not to use a 
bandwidth of distance, but of the number of nearest neighbours (adaptive band-
width; Fotheringham et al., 2002), which ensures that each location where PCA 
is performed is done with an equal number of observations. 
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For each location where GWPCA is performed, the output consists of  ma-
trix, where  is the number of variables in X and  is the number of retained PCs. 
This is potentially a vast amount of information to process, which is significantly 
eased by visualisation and visual analytics. Seeing data visualised helps with con-
structing and identifying patterns which we use for reasoning (Andrienko et al., 
2020). Thus, authors have used and suggested visualisations of GWPCA outputs 
such as: 1) mapping local eigenvalues or the proportion of variance explained for 
each retained PC, 2); mapping the component loads of each PC; 3) mapping the 
variable with the highest component load in each PC; or 4) use multivariate glyphs 
to represent the loadings (Charlton et al., 2010). 

Examples of environmental applications using GWPCA are, e.g. Comber et al. 
(2016) who used it to classified a land cover dataset, Harris et al. (2015) who char-
acterized a freshwater chemistry dataset, or Jin et al. (2021) whom used it to in-
vestigate an environmental vulnerability through a composite indicator. 

 

2.2.3 Composite indicators  

Composite indicators (or sometimes, composite indices) are statistical tools to ag-
gregate a set of indicators which have no meaningful common measurement and 
which cannot be trivially weighted. Composite indicators are usually applied to 
describe multidimensional phenomenon due to their capability to summarise 
complex phenomenon and the ease of their interpretation (European Commission 
et al., 2008; Saisana and Tarantola, 2002). Examples include the Human Devel-
opment Index, consisting of three indicators (life expectancy, education level and 
income; UNDP, 2020); the Multidimensional Poverty Index, consisting of three 
dimensions (health, education, living standards) and ten sub-indicators (Alkire et 
al., 2010; UNDP and OPHI, 2021); the index for social-ecological systems, con-
sisting of two dimensions and six sub-indicators (Varis et al., 2019); and the com-
posite drought indicator, with three dimensions (Faiz et al., 2022).  

The construction of a composite indicator consists of selecting indicators based 
on an underlying theoretical framework, analysing the structure of selected data, 
data normalisation, weighting, and aggregation (European Commission et al., 
2008). The weighting of the indicators/dimensions is fundamentally subjective 
(European Commission et al., 2008; Heidecke, 2006; Jemmali and Sullivan, 
2014; Saisana and Tarantola, 2002; Sullivan and Meigh, 2007). The weighting 
can, however, be done ‘objectively’ using statistical methods – for instance, by us-
ing principal component analysis – to derive weights directly from the data.  

 With the weights assigned, the indicators are aggregated into a single composite 
index value. Commonly, the aggregation is performed so that the final index value 
is a linear combination of the indicators, such that 

 

 (3) 
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where  is the composite index value,  is the indicator,  is the weight associated 
with the indicator and  is the indicator value. In the linear aggregation scheme, 
indicator values may fully compensate one another (European Commission et al., 
2008; Garriga and Foguet, 2010). Aggregation using the geometric mean  

 
 

 (4) 

 
increases the sensitivity of the index value to the full range of indicator values. 

The Water Poverty Index introduced in Section 2.1 is a composite indicator con-
sisting of five dimensions, each with their own set of sub-indicators: 1) Resources 
index, measuring the physical water availability; 2) Access index, describing ac-
cess to safe water (e.g., infrastructure); 3) Capacity index, considering capability 
for water management; 4) Use index, dealing with the amount of water being 
used; and 5) Environment index, capturing environmental quality and impacts of 
water use.  

2.2.4 Weighting composite indicators using PCA 

Weighting of composite indicators can be done using PCA when correlations exist 
among the indicators (European Commission et al., 2008), and which can be as-
sessed using the Kaiser-Meyer-Olkin Measure of Sampling Adequacy (Hair et al., 
2006). The eigenvector – i.e., the component loads – of the first PC can be used 
directly as weights if the proportion of variance explained is satisfying. If the first 
principal component does not explain enough variance, the approach by Soler-
Rovira and Soler-Rovira (2008) and Jemmali and Sullivan (2014) can be used. In 
their method, the weight of an indicator is the sum of the component loads of the 
retained PCs scaled by the proportion of the eigenvalues from the sum of eigen-
values: 

 (5) 

 
where  is the weight given to indicator ,  is the component load of th prin-
cipal component,  is the proportion of variance explained, and  is the number 
of principal components retained. 

2.3 Predictive statistical methods 

2.3.1 Statistical downscaling 

Downscaling is a procedure where a fine-scale estimate is obtained from a coarse 
scale initial data using ancillary information to describe the internal variation. 
The premise of any downscaling is the idea that we can infer the fine-scale state 
of a variable from the state at a coarse(r) scale (Benestad et al., 2008; Fowler et 
al., 2007; Teutschbein and Seibert, 2010; von Storch and Zorita, 2019; Xu, 1999). 
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Downscaling can be divided into two main categories: dynamic and statistical 
(empirical). In dynamic downscaling, a model resolving the variable state is run 
within the areas defined by the coarse-scale starting point. A typical example is 
the downscaling of global climate model simulations using a regional climate 
model, where the low-resolution source data provides boundary flux conditions 
between area units, and the regional model resolves the internal states (Fowler et 
al., 2007; Giorgi and Gutowski, 2015). In statistical downscaling, the relationship 
between the variable and a number of predictors is established by a statistical 
method and applied at a high resolution to obtain the fine-scale estimates. Com-
monly, the relationship is established between fine-scale predictors and the 
coarse-scale variable (von Storch and Zorita, 2019). This assumes that the predic-
tor variables (descriptors of the local process) are associated with the state varia-
ble at the coarse scale (Benestad et al., 2008). Downscaling is generally done with 
the aim to produce inferences at a scale not supported by some available coarse 
data (Benestad et al., 2008; Wilby and Dawson, 2013; Wilby and Wigley, 1997). 
In hydrology, the output of global climate models is generally too coarse for use 
in applications where the models are commonly applied (e.g. Wood et al., 2004).   

 

2.3.2 Areal Interpolation 

(Spatial) interpolation is the procedure of finding estimates of a variable at an 
unknown location, based on known state of variable at discrete locations. Areal 
interpolation refers to interpolation methods where both the source and the target 
units have areal spatial support (i.e., polygons in geographic space), and which 
are potentially nonconformable – i.e., the source and the target zones may not 
neatly nest with one another (Goodchild and Lam, 1980; Mennis, 2009). For the 
remainder of the thesis, ‘source’ and ‘target’ have specific meanings: source is any 
known data used in predictions with an areal spatial support (referred as a zone), 
and target is the unknown areal entity for which estimation is performed. In areal 
interpolation, values at the target zones are derived from overlapping source 
zones. In its simplest form, area weighted interpolation, the derivation is based 
on overlapping areas between the target and source zones: 

 

 (6) 

 
where  is the interpolated value at target zone ,  is the original value in source 
zone  belonging to a set  of source zones intersecting the target zone ,  is 
the area of the target zone  within source zone , and  is the area of the source 
zone . The interpolation has a pycnophylactic (mass preserving; Rase, 2001) 
property, meaning that the value associated in a source zone is preserved in the 
overlapping target zones (for the proportion of source zone which is covered by 
target zones). This formulation allows interpolation between features that do not 
conform with one another. Areal (and other spatial interpolation methods) may 
be used to obtain fine-scale estimates (Comber and Zeng, 2019). 
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2.3.3 Dasymetric mapping / modelling 

A dasymetric map is one which displays statistical data divided into relatively ho-
mogenous spatial zones (Eicher and Brewer, 2001; Mennis, 2009). The output of 
area weighted interpolation can be refined using the process of dasymetric map-
ping (DM). If ancillary information about the potential distribution of values 
within the source zone is available, that information can be used in DM to obtain 
more realistic estimates at target zones. In DM, Eq. 6 becomes 

 

 (7) 

 
where  represents the ancillary information, and  is the set of target zones 
which intersect source zone . The procedure to obtain  can be thought of as the 
sum of all contributing source zone values  scaled using areas and the ancillary 
data of each target zone intersecting those source zones . The ancillary data can 
be anything from a single variable to the output of a complex machine learning 
model (e.g. Kar and Hodgson, 2012; Leyk et al., 2019, 2013; Nagle et al., 2014). 
When provided by a model, the procedure is commonly referred to as dasymetric 
modelling. For the remainder of the thesis, I equate dasymetric mapping and 
modelling, since the procedure stays the same – only the method to obtain the 
ancillary information differs. DM is used particularly for disaggregating (that is, 
downscaling) spatial data (Mennis, 2009). I note here that certain small area es-
timation methods bear resemblance to DM in that they employ some scaling in 
order to satisfy pycnophylactic constraints (Jiang and Rao, 2020; Pfeffermann, 
2013).  

 

2.3.4 Pycnophylactic interpolation 

Pycnophylactic interpolation (PP) refers to the method developed by Tobler 
(1979) to estimate the internal variation of a variable within source zones. The 
method first subdivides the source zones into target zones of interest. Then, the 
entire surface is smoothed in a way which preserves  

 

 (8) 

 
condition. The constraining condition is that the target zones must preserve the 
source zone values within the area defined by the source zone, and involves solv-
ing a double integral in both spatial coordinates (Kar and Hodgson, 2012; Tobler, 
1979).  

In practical terms, the Tobler’s original (1979) application – where the source 
zone is subdivided by using a fine, regular grid – suggests iterative computation 
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switching between steps of smoothing with a moving window average, and of ad-
justment of values to satisfy the condition in Eq. 8. Rase (2001) further developed 
an approach of PP for polygon networks using Triangulated Irregular Networks 
(Peucker et al., 1976), where the smoothing occurs between nearest nodes of the 
network. 

 

2.4 Environmental modelling 

The scope of this thesis does not permit a discussion of the full breadth of concepts 
related to environmental modelling. This section is intended rather as a brief in-
troduction to the main concepts that have direct relevance to the thesis topic and 
case studies. While it is possible to create environmental models without any par-
ticular philosophical stance (Beven, 2002), I limit this discussion to models that 
aim to represent some natural process realistically (i.e., are grounded in prag-
matic realism; Beven, 2002, 2009), and in particular, hydrological modelling.  

Environmental modelling deals with models of phenomenon that occur in the 
natural world (in space and in time) and are composed of natural systems. Com-
mon features in environmental systems are complex non-linear relationships, 
heterogeneity of system features, varying characteristic scales, and inaccessible or 
unobserved system processes (Letcher and Jakeman, 2009).  

Three main type of environmental models exist with varying complexity 
(Letcher and Jakeman, 2009): empirical, conceptual and process-based models. 
Empirical models employ statistical methods, while conceptual models employ 
simplified representations of different model components, and process-based 
models solve full, physically based differential equations (Z. Liu et al., 2017; Sit-
terson et al., 2017). The particular method of modelling depends on the aims of 
the modelling exercise (Beven, 2009; Jakeman et al., 2006; Refsgaard and Hen-
riksen, 2004).  

 

2.4.1 Hydrological models 

Hydrological models are those that deal with hydrological environmental systems 
(with the other two main systems being climatic and ecological systems, which are 
all interlinked; Letcher and Jakeman, 2009). The main interest in this thesis is 
two-fold: rainfall-runoff and distributed modelling. Runoff is the precipitation 
that does not infiltrate into soil and groundwater storage, but rather runs on the 
surface in streams, rivers, lakes and reservoirs (Sitterson et al., 2017). Runoff is 
an important part of the water cycle, and the majority of human water use comes 
from surface runoff.  

Rainfall-runoff models may be resolved in lumped, semi-distributed or fully dis-
tributed spatial arrangements (Beven, 2012; Sitterson et al., 2017). Lumped mod-
els do not consider spatial variability within the modelled area, but model runoff 
at a point located at the outlet of a catchment. Semi-distributed models divide the 
simulated area into areas, or bands using some description of the area (e.g., ele-
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vation bands). Fully distributed models process the model explicitly in each spa-
tial unit, accounting for the spatial variability. The resource costs – e.g., compu-
tation time, calibration time, data – generally increase from lumped models being 
the cheapest to fully distributed models being the most expensive (Beven, 2012; 
Sitterson et al., 2017).   

All rainfall-runoff models need to consider routing of the generated runoff to 
their outlet in addition to the runoff generation (Beven, 2012). In distributed 
models, routing expresses how the generated runoff travels through the land-
scape, from one discrete spatial unit to another. Routing is commonly integrated 
in a distributed model, but alternative routing models exist. Non-gridded routing 
models typically route runoff in a node-link networks, where the nodes and their 
links have a physical representation in geographic space. Examples include Mi-
zuRoute (Mizukami et al., 2016) and RAPID (David et al., 2011), each implement-
ing different routing algorithms.     

 

2.4.2 Ensembles and model averaging 

Multi-model combinations – or ensembles – have been used in hydrological sci-
ences since the first application by Cavadias and Morin (1986) to improve the skill 
of predicting snowmelt runoff. Ensembles are collections of simulation outputs 
(Beven, 2009), which involve combinations of 1) a single model with multiple par-
ametrisations; 2) multiple models; 3) model(s) forced with different source data; 
or 4) some combination of  models, forcing data and parametrisations. The aim is 
to use all available information to overcome limitations from assumptions arising 
from a single model applications, to provide probabilistic predictions, and to han-
dle uncertainty (e.g., Beven, 2009; Refsgaard et al., 2007; Wu and Levinson, 
2021) inherent in earth sciences (e.g., Saxe et al., 2021) and in models (e.g., 
Bouaziz et al., 2021). A common approach in hydrology is to perform data assim-
ilation – obtaining optimal combinations of input data with observations – using 
a weighted average of the ensemble members (e.g., Arsenault et al., 2015).  Model 
averaging can be viewed as a generalisation of model selection (Diks and Vrugt, 
2010).  
 

2.4.3 Meta-modelling 

Distributed hydrological models which model different components of the water 
cycle are computationally expensive, have a large number of parameters, and gen-
erally produce several output variables. Calibration, uncertainty estimation or 
sensitivity analyses with such models at high accuracy may be unfeasible because 
of their high dimensionality requiring a large number of model runs. This com-
putational burden may be alleviated using meta-models (Asher et al., 2015; 
Beven, 2009; Gladish et al., 2018; Razavi et al., 2012). A meta-model attempts to 
emulate the output (response to a set of inputs) of another, typically more com-
plex model. Surrogate models are a subset of meta-models that take the same in-
put as the full models.  
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Meta-models can be divided into two broad categories (Razavi et al., 2012): 
lower-fidelity (resolution) models, and response surface models. Lower-fidelity 
models simplify computationally expensive components of the model. Response 
surface models are empirical or statistical emulation models fit to the output var-
iable of the original model. I make use of two response surface meta-models in 
this thesis, namely Ordinary Least Squares Regression (OLS), and Random Forest 
Regression (RF; Breiman, 2001), both of which are set to emulate the runoff out-
put of a distributed hydrological model. RF in particular has been shown to emu-
late spatially explicit, distributed hydrological models well (e.g., Lim and Wang, 
2022). 

 

2.4.4 Model assessment and evaluation 

The assessment of environmental models is necessary in order to build confidence 
in their utility in management. The assessment should be based on the intended 
purpose of the modelling activity, considering for the broader context of the exer-
cise, and not only the technical, quantitative performance (Bennett et al., 2013; 
Hamilton et al., 2021, 2019; Hutchins et al., 2006). The broader modelling con-
text in terms of modelling assessment has been formalised by Hamilton et al. 
(2019) into (modelling) project-, group- and individual-, and system-level im-
pacts1.  

For a model to be fit-for-purpose within the project-level, the model must be 
reliable, feasible, and useful (Figure 1; Hamilton et al., 2021). Each of the three 
categories have a set of criteria that need to be fulfilled.  For a model to be useful, 
it should provide timely information, incorporate end-user input and be relevant 
(i.e., it should be salient) and the model should be accessible in terms of usability, 
inputs, outputs and transparency. A reliable model (or a modelling project) is one 
which is technically credible and trustworthy throughout the modelling process, 
and which is legitimate – i.e., fair and inclusive. Finally, the modelling project 
must be feasible within constraints set by time, budget, data and expertise (Ham-
ilton et al., 2021, 2019). I note here that the idea of fitness-for-purpose extends to 
data quality just as it applies for modelling (often under term fitness-for-use; e.g. 
Bruin et al., 2001; Leyk et al., 2019; Meeks and Dasgupta, 2004). 

The framework, however, does not describe how quantitative performance 
should be evaluated (though it is included in the criteria ‘match to observed be-
haviour’). Bennett et al. (2013) list several methods for quantitative performance 
evaluation. Out of the numerous options, I shortly describe here those relevant to 
the case studies I’ve included in the dissertation: 1) split-sample testing (Klemeš, 
1986; Bennett et al. (2013) call this “hold-out cross-validation”); and 2) bench-
marking. 

 

 
1 Group- and system-level impacts are out of the scope of this dissertation. 
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Figure 1. Fitness-for-purpose framework employed in this dissertation, including the criteria re-
lated to reliability, usefulness and feasibility. Figure adapted from Hamilton et al. (2021). Criteria 
are described in detail in Hamilton et al. (2019). 

In split-sample testing, data is split into two or more sets used for calibration 
and testing. The model is fitted or calibrated using the aptly named calibration 
set, and the transferability is tested using the testing set. How the splitting is done 
affects the performance of the model as well as the testing accuracy. The applica-
ble performance evaluation metrics relevant to this thesis include measures of er-
ror (mean-normalised and non-normalised root mean square of error, relative 
bias), measures of dynamics (Pearson correlation coefficient, Spearman rank cor-
relation, coefficient of determination including both squared correlation, and 
Nash-Sutcliffe Efficiency; Nash and Sutcliffe, 1970), and measures of variability 
(ratio of standard deviations, normalised flow duration curves; Pool et al., 2018). 
I extensively use the Kling-Gupta Efficiency (Gupta et al., 2009) as a multi-objec-
tive function for evaluation, for it incorporates the three dimensions of error, dy-
namics and variability:  

 

 (9) 

 
where   is the Pearson correlation coefficient between simulations and ob-
servations ,  is a measure of variability , and  is the relative bias 

.  stands for the standard deviation, and  for the mean. 

Cross-validation (split-sample testing) is linked to the concept of domain of ap-
plicability, meaning the (prescribed) conditions for which the model is tested and 
judged suitable (Schlesinger et al., 1979). An empirical model can only ever be a 
function of the data it is fed (Comber et al., 2019). A model can be deemed suitable 
for the conditions embedded in the calibration and testing datasets if performance 
is satisfactory. This concept has been explored in various fields, including ma-
chine learning spatial predictions (e.g. Meyer and Pebesma, 2021). Models may 
be called transferable, if they can be successfully applied outside the calibration 
set. In hydrology, the procedure of transferring models (parameters) calibrated 
with one dataset to a new dataset not used in calibration is called regionalisation 
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(see e.g. prediction in ungauged basins; Hrachowitz et al., 2013; Razavi and Cou-
libaly, 2013). Transferring a model or model parameters to a problem of different 
purpose requires validation for that new purpose (e.g., Edmonds et al., 2019). 

The second relevant method for assessment in this thesis is benchmarking. In 
benchmarking, model evaluation is evaluated with a comparison to the perfor-
mance of results obtained in an alternative way (Hutchins et al., 2006; Perrin et 
al., 2006; Seibert, 2001), and where the benchmark does not influence the model 
calibration in any way. Benchmarks may include simple characteristics of the 
data; for instance, the Nash-Sutcliffe Efficiency benchmarks simulation perfor-
mance against the performance of using mean of observations for all data points 
(Nash and Sutcliffe, 1970). Alternatively, comparison between the output of mod-
elling exercise to the outputs of a benchmark model of any complexity can be 
made, for instance, through skill scores. In particular, I use the KGE skill score as 
defined in Knoben et al. (2019), 

 

 (10) 

 
where  denotes the skill score. 
 

2.4.5 Bias correction 

Many modelling applications, particularly in local climate and impact studies, re-
quire unbiased input data (Hempel et al., 2013; Ibarra et al., 2021; Teutschbein 
and Seibert, 2012, 2010; Tramberend et al., 2021). Bias correction is the proce-
dure of correcting systematic deviations in data compared to observations. A com-
mon method of bias correction is to linearly scale the  output with respect 
to  (Lenderink et al., 2007; Teutschbein and Seibert, 2012), 

 

 (11) 

 
where  is the bias corrected output of some model. This formulation scales 
the model output so that the systematic error is removed.  

Other more sophisticated methods correct for additional properties than the 
mean error; quantile-quantile mapping corrects the distribution of values in the 
data series through a transfer function (Teutschbein and Seibert, 2012), while the 
multivariate bias correction method of Hempel et al. (2013) is aimed at preserving 
absolute temperature changes and the monthly trends in additional variables. 
Lange (2019) further develops from Hempel et al. to target extreme values.     

Bias correction is needed in particular when global datasets are used in local 
contexts (e.g. Ibarra et al., 2021). The linear scaling bias correction in Eq. 11 has a 
similar functional form as  areal interpolation and DM (Eq. 6 and 7). Furthermore, 
small area estimation methods sometimes include a constraint that acts similarly 
to bias correction – e.g., by adding to or multiplying model predictions so that it 
meets certain criteria (Jiang and Rao, 2020; Pfeffermann, 2013).  
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3 Case studies 

This section provides the details of the methods used in the included case studies, 
and how they relate to the themes of the thesis. I also describe the data that was 
used in each case study. Since the objective of the thesis is to find new methodol-
ogies for fine-scale estimation, the data is divided into three categories. By ‘local 
datasets’, I refer to any data which has been collected, or processed, to be used in 
a local context within the area-of-interest in each case study. By ‘global datasets’, 
I refer to those data I used that have a substantially larger scope than the case 
study domain represents – i.e., continental or truly global extent. Finally, by ‘de-
rived datasets’, I here refer to datasets that I (or my co-authors) have derived us-
ing one or more of the local and global datasets listed in the previous sections. A 
summary of the methods as well as data used in each case study is provided in 
Table 1. I provide more details under the following sections. 
 

3.1 Case study I: Processes explaining water poverty 

In the first case study conducted in Article I, I wanted to find a way to understand 
how I could explain spatial and seasonal differences in water poverty in Laos. The 
data I collected from open repositories included census data products (Population 
Census of 2005 and Agricultural Census of 2010/2011; Lao Statistics Bureau 
(2011, 2005), obtained from http://www.decide.la/) supplemented with a global 
dataset of human footprint (Wildlife Conservation Society - WCS and Center for 
International Earth Science Information Network - CIESIN - Columbia Univer-
sity, 2005). In order to estimate the Resources component of WPI, I use local ob-
servations of precipitation to derive local water resource information for the vil-
lages. The precipitation was sourced from the VMOD model used in Lauri et al. 
(2014), and is originally from the Mekong River Commission. VMOD was also 
used to estimate the total surface water resource (discharge) in each village loca-
tion. The VMOD model and the precipitation data are not publicly available from 
open repositories, but were used here since they had been used in an earlier study 
in my research group and thus were readily available for the analysis. 

Given the data availability, the case study in Article I uses a novel combination 
of GWPCA applied to a composite index in order to analyse processes which ex-
plain water poverty. In this method, shown in Figure 2, PCA is used in three ways: 
1) to reduce the number of variables for interpretation by an expert, 2) to derive 
data-driven weights to compute the Water Poverty Index from its sub-compo-
nents, and 3) to interpret each principal components as processes which explain  
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Table 1. Methods and data used in each of the included case studies. Details on the data and 
their references are given under the description of each case study. 

   Case study 
      I II III IV 
Fine-scale estimation strategies      

 Method 1 Sampling x       

 Method 2 Downscaling    x x x 

 Method 3 Fine-scale process modelling       x 
        

Analysis Methods       

 Descriptive statistical methods         

   Geographically weighted models x       

   Principal component analysis x       

   Composite index x       

 Predictive statistical methods         

   Areal interpolation   x x x 

   Dasymetric Mapping/Modelling   x x x 

   Pycnophylactic interpolation   x     

   Data assimilation       x 

 Modelling           

   Hydrological modelling x   x x  

   Meta-modelling     x   

   Ensemble modelling       x 
        

Off-the-shelf data       

 Local           

   Census data x       

   Observed hydrometeorological data x       

   Gauge observations   x   x 

   Digital elevation model   x     

   Catchment boundaries   x     

 Global           

   Modelled environmental data x       

   Global runoff datasets   x   x 

   Digital elevation model     x x 

   Observed hydrometeorological data     x   

  River network    x 
        

Data derived using off-the-shelf data         

   Derived environmental variables x x x x 

   River network   x     

   Catchment boundaries   x   x 
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water poverty. Reduction of variables is needed because the geographically 
weighted variant produces a very large amount of information, making interpre-
tation a complex endeavour. Data-driven weighting is used in an exploratory and 
descriptive manner, providing information on its own as compared to standard 
equal-weighting scheme.  

 

 
Figure 2. Methodology for local weighting of composite index. The component loads from the re-
tained n principal components obtained with GWPCA are used to compute indicator weights. Local 
composite index is computed as a weighted average of the indicators. Each step simplifies the 
output. 

 
The data-driven weighting scheme used differs from earlier literature. Here I 
compute data-driven weights using Eq. 12, 

 
 

 (12) 

 
 
where  is the weight given to WPI component ,  is the component load of 

th principal component,  is the proportion of variance explained, and  is the 
number of principal components retained. The weight is therefore the sum of 
squared component loads from the retained principal components, standardised 
by the proportion of variation explained. This approach modifies the approach by 
Jemmali and Sullivan (2014) and Soler-Rovira and Soler-Rovira (2008) by squar-
ing the principal components. Squaring ensures that the output is constrained 
within  and can therefore be directly used in the weighting of the index (an 
unsquared component load lies within ). Squaring emphasises the compo-
nents which have a high load in each PC. When GWPCA is used instead of stand-
ard PCA, the weights  are computed for the geographically weighted sample. 
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These spatially varying weights are also used in visual analysis in addition to the 
GWPCA visualisations suggested in earlier literature, helping in the interpretation 
of the large amount of data produced by GWPCA. 

 

3.2 Case study II: Downscaling runoff using advanced areal in-
terpolation methods 

In Article II, my aim was to test the usefulness of Dasymetric Mapping (DM) and 
Pycnophylactic Interpolation (PP), commonly used in obtaining fine-scale esti-
mates in population mapping, in the context of environmental modelling data. 
The case study used an extensive local dataset of 780 unregulated catchments in 
Australia with a large number of descriptive environmental data for each catch-
ment (WIRADA; Zhang et al., 2013) and a Digital Elevation Model (DEM) pre-
pared for hydrological applications for Australia (Stein et al., 2014).  The only 
global dataset used in this case study is the Linear Optimal Runoff Aggregate 
(Hobeichi et al., 2019), which is the dataset I downscaled to the WIRADA catch-
ments. The DEM was used to derive both a high-resolution river network and 
catchment areas for downscaling, as well as the topographic index DUNE (Loritz 
et al., 2019), which I used as the ancillary variable in DM. 
 

 
Figure 3. Areal interpolation methods used in the thesis, without (Area Weighted Interpolation, 
AWI, and Pycnophylactic Interpolation, PP) and with (Dasymetric Mapping/Modelling, DM, and 
combined Pycnophylactic-Dasymetric Interpolation, PP-DM) ancillary information.  

 
The case study applied the DM and PP and their combination for the first time in 
this environmental modelling context. The approaches are illustrated in Figure 3.  
The combination of PP and DM has been previously used in population mapping 
and agricultural land use (Comber et al., 2008, 2007; Mohammed et al., 2012). 
These authors first applied DM to exclude unreasonable areas and applied PP for 
fine-scale estimation within the remaining areas. This is, however, unsuitable for 
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continuous phenomena, and therefore I applied them in the reverse order. The 
main difference between DM and PP-DM is that DM can be thought of as adding 
detail, described by the ancillary information, to a surface prepared by area 
weighted interpolation. In PP-DM, the surface is obtained using pycnophylactic 
interpolation. The approaches correspond to the definition of statistical 
downscaling (Section 2.3.1). 

 

3.3 Case study III: Bias correction of environmental model out-
puts using dasymetric modelling 

Following the learnings from the previous case study, in Article III, my intention 
was to perform a deep dive into DM to understand its properties in detail. Here, I 
downscaled runoff outputs from a global run of the Community Water Model 
(CWatM; Burek et al., 2020) using derivative variables from regional precipita-
tion data for India (Pai et al., 2014), global temperature data (W5E5 v2.0; Cucchi 
et al., 2020), and global DEM (Lehner et al., 2008). The CWatM model simula-
tions were provided by my co-authors (and the developers of the model) and are 
not available from public repositories. 

In this case study, I described DM as a spatial bias correction framework for use 
in environmental modelling (rather than the common view of DM as a variable 
redistribution framework). I interpreted DM through three distinct components: 
meta-modelling, bias correction, and areal interpolation, as shown in Figure 4. 
Each of the components are used in environmental modelling but were not previ-
ously described within a single framework. In this interpretation of DM, a meta-
model is trained with data at the source zone level and applied at target zones with 
a finer spatial resolution. I used two meta-models of different complexity: an Or-
dinary Least Squares regression, and Random Forest regression. The meta-model 
output, giving an estimate of the variability at the target zone level, was bias cor-
rected with reference data provided with the source zones, leading to debiased 
fine-scale estimates. This was made possible with the realisation that the standard 
DM reallocation of source zone values to intersecting target zones is equivalent to 
linear scaling bias correction (Eq. 11 in Section 2.4.5) under certain conditions. 
 

 
Figure 4. Dasymetric modelling workflow decomposed to components of meta-modelling, bias 
correction, and areal interpolation (or the standard application of Dasymetric Mapping). 
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3.4 Case study IV: Downscaling and routing an ensemble with a 
high-resolution stream network 

In the case study in Article IV, my aim was to find relatively efficient way of pro-
ducing estimates of streamflow with little or no local information, relying on 
global datasets. Here, I replaced the DDM30 (Döll and Lehner, 2002) routing 
scheme used in the selected global hydrological models (GHMs) from the Inter-
Sectoral Impact Model Intercomparison Project (ISIMIP) archive with a higher 
resolution alternative – the freely available global HydroSHEDS river network 
data (Lehner et al., 2008; Lehner and Grill, 2013). I used an ensemble of 15 global 
runoff products from ISIMIP global water sector simulation round 2a (Gosling et 
al., 2017). The ISIMIP Simulation round 2a includes impact modelling data forced 
by a number of different reanalysis (bias corrected) climate datasets. In addition 
to routing, HydroSHEDS data was used to derive segment-specific catchments 
with a hydrologically conditioned DEM. The study used local data in the form of 
streamflow observation dataset from the Mekong River Commission (MRC, 
2017). Further, I used two benchmark global streamflow datasets (GLOFAS and 
GRADES; Alfieri et al., 2020; Lin et al., 2019) for comparison of streamflow pre-
diction performance, assessed against the local streamflow observations.   

The higher-resolution routing process was made possible by the areal interpo-
lation (Article II) to the sub-catchments associated with each individual river 
segment, or by the area-to-line interpolation directly to the river network, devel-
oped in Article IV. Recognising that the GHMs were not developed for local use 
cases, nor are the ISIMIP global model runs used herein, I used the ISIMIP en-
semble for predictions with increased explanatory power by using data assimila-
tion via model averaging. This method obtains fine-scale estimates by partially 
higher fidelity modelling of interpolated runoff data, with or without downscaling. 
The workflow is illustrated in Figure 5. 

 

 
 
Figure 5. Workflow presented in Article IV, obtaining fine-scale estimates by model averaging of 
interpolated runoff routed down a river network. Row (A) refers to workflow using area-to-line 
interpolation, and row (B) using areal interpolation. 
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4 Findings 

The findings are structured so that each of the three research questions are dealt 
with consecutively, building on the answers for the previous question. Every pub-
lication of the thesis deals with each research question to some extent. 

 

4.1 What methods can be used to provide fine-scale estimates 
and capture local spatial variation in processes within the 
constraints of available resources? 

The answer to this question depends on the type of the desired output, and the 
amount and type of data available for the analyst. In Article I, the desired output 
was an understanding of spatially varying processes which help to explain water 
poverty.  In Articles II and III, the purpose was to produce improved estimates 
of runoff at a fine scale from coarse resolution source data. In Article IV, the aim 
was to produce improved streamflow estimates by replacing the routing compo-
nent of distributed hydrological models with an alternative. The following sub-
sections detail the methods developed to address these aims in the four case stud-
ies.  

 

4.1.1 GWPCA can unravel spatial variation in explanatory processes 

In Article I, the aim of identifying underlying processes was a qualitative task 
requiring expert knowledge in interpretation of data. I developed a method in 
which the computational process of determining data-driven weights of a compo-
site index yields information which can be interpreted as a process leading to the 
state summarised by the composite index. In particular, the method uses Princi-
pal Component Analysis on the sub-components of the composite index to obtain 
new uncorrelated combinations from the sub-components. The weights assigned 
by PCA for each sub-component of the index were then interpreted as processes 
which explain the variation in the index values – water poverty in this case. Be-
cause PCA also provides us with the information of how large proportion of total 
variation each principal component explains from the overall dataset, we also get 
an estimate of the importance of each identified process. 

PCA using the full dataset, however, does not provide the desired fine-scale es-
timates. In the developed method, I turn to Geographically Weighted PCA 
(GWPCA) to provide us an understanding of the spatial heterogeneity in the prin-
cipal component weighting (and as an extension, identifying the processes). In the 
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case study presented in the Article I, I examined a dataset I prepared for 8215 
villages in Laos and ran GWPCA for each village point. Interpreting and analysing 
such a large amount of independent PCA outputs (one for each location) is not 
feasible without visualisation techniques. To analyse the processes, I mainly used 
two types of visualisations: maps showing the highest weights and sub-compo-
nents for each retained principal component (shown for the wet season in Figure 
6; full figures available in supplementary materials to Article I), and a map of 
data-driven local weights for each WPI sub-component (shown for wet season in 
Figure 7). The first principal component is loaded with sub-components Access, 
Capacity and Use in most of the country, which here is interpreted as a social pro-
cess (poverty). In the southern part, sub-components Environment and Capacity 
are the highest loaded and interpreted as a location-based process because of the 
indicators in these sub-components. The map of data-driven weights had not been 
previously used in the literature relating to Water Poverty Index or to GWPCA, 
and it proved to be highly useful in synthesising the component loads in the three 
retained PCs obtained with GWPCA.  

 

 
Figure 6. Loadings of the first principal component for wet season GWPCA analysis in Laos. Plots 
show the components with a minimum of 0.3 component load. Row (A) gives the component, and 
row (B) the component load. This process, where most of the country is highly loaded in Access, 
Capacity and Use, is interpreted as representing poverty. Adapted from supplementary materials 
for Article I (Kallio et al., 2017). 

 
The methodology allowed me to identify dominant processes explaining differ-
ences in water poverty in Laos by interpreting the component loads of WPI di-
mensions in PCs, i.e., the variance they explain in the dataset. The most important 
processes I identified were (economic) poverty (interpreted from the high loads 
on Access, Capacity and Use; see Figure 6), purpose of agricultural activities 
(commercial/subsistence) and village location (with respect to infrastructure, ad-
ministrative capitals and natural hazards). GWPCA analysis revealed additional 
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processes which were masked in the analysis of the entire dataset. The strong spa-
tial differences in most important components are clear in Figure 7. Based on the 
case study, it seems reasonable to state that the methodology has merit in esti-
mating processes at a fine scale. 

 

 
Figure 7. Local weights for Water Poverty Index sub-components A) Resources, B) Access, C) 
Capacity, D) Use, and E) Environment. Local weights correspond the proportion of variance ex-
plained in the retained principal components. Panel F) shows the water poverty index computed 
from the local weights. Figure shows data from the wet season. Adapted from Article I (Kallio et 
al., 2017). 

 

4.1.2 Dasymetric modelling provides spatially debiased estimates at 
high resolution 

During and after the work leading to Article I, I became interested in how the 
water resource availability could be described as an alternative to the gridded field 
representation of the distributed hydrological model VMOD used in the first case 
study. This led to the development of the methods in Articles II, III, and in par-
ticular, IV. These publications deal with how existing global source datasets could 
be used to obtain information that is directly relevant for the local context and 
avoid new resource intensive modelling projects.  

 Article II tests, for the first time, how advanced areal interpolation concepts 
of DM, PP, and their combination PP-DM (see Figure 3) could be used for fine-
scale estimates of runoff using a large sample of 116 catchments in Australia. Here 
I used a topographic index DUNE (Loritz et al., 2019) as an ancillary variable to 
produce fine-scale estimates from a global runoff product. DUNE describes how 
flow path length to, and height above, the nearest stream control runoff produc-
tion. DM with DUNE consistently improves estimation of runoff compared to 
standard area weighted interpolation in areas of low aridity (where precipitation 
is larger than evapotranspiration; Figure 8A). PP, assuming a smooth transition 
of runoff production between source zones, did not show significant improvement 
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over the simpler area weighted interpolation. However, combining it with DM im-
proved its performance. While these results are promising results for the meth-
odology, I consider Article II a success in particular because it shows that in tar-
get zones (catchments) that are entirely within a single source zone, performance 
is significantly improved. In these target zones, the ancillary variable provides in-
formation relevant to the process of runoff production (i.e., areas with variable 
topography – refer to Figure 8). These target zones are also the ones for which I 
had the least information at hand – only the global runoff product and DUNE. In 
target zones which span more than one source zone, the benefit is not clear from 
the case study. I hypothesise that this is because multiple source zones provide 
more information than a single source zone. 

 
 

 
Figure 8. Difference in KGE compared to area weighted interpolation (AW) for A) the slope range 
of catchments, and B) the number of source zones intersecting the target basin. Both plots show 
results for a subset (n = 27) of catchments with Aridity Index smaller than 1 (precipitation higher 
than potential evaporation). Reproduced from Article II under CC-BY 4.0 licence (Kallio et al., 
2019). 

 
While Article II showed that within well-defined problems the areal interpola-
tion methods are useful, it finished by stating that further research is necessary 
for definitive conclusions of the performance of the methods (in an environmental 
modelling context). Article III responds to this call by examining the properties 
of dasymetric modelling. In this publication, I shifted from a baseline of compar-
ing performance with gauge measurements to comparing the outputs to a refer-
ence model run; I used DM to downscale runoff outputs from a global run of 
CWatM – a distributed hydrological model – and performance was compared to 
a reference run of the same model at the fine scale. Instead of a single, static var-
iable such as DUNE, I used RF and OLS meta-models to provide the ancillary in-
formation. Replacing the static variable with a meta-model improved perfor-
mance (not shown in the articles for DUNE). Bias corrected meta-model outputs 
have higher performance compared to using a meta-model alone (which is com-
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monly done in downscaling studies). The performance improvement is substan-
tial in particular in areas where the meta-model performs poorly – the areas 
where bias correction is most useful, as shown in Figure 9 for the RF meta-model. 
The performance improvement ( ) is clear in the western part of the study 
basin, where the runoff generation exhibits a strong gradient. Elsewhere, there is 
little internal variation in runoff production and the benefit of DM (at least, with 
these particular meta-models) is not clear, as evidenced by the varying skill score 
compared to the benchmark of using the source zone values directly. 

 

 

Figure 9. Local non-parametric KGE (Pool et al., 2018) performance computed from a 3x3 moving 
window for A) source zone values AW , obtained with area weighted interpolation, B) Random 
Forest meta-model output RF , C) KGE skill score between RF  and AW ,  D) bias corrected 
meta-model output RF , and E)  KGE skill score between RF  and AW . The mean flow 
benchmark of KGE -0.41 refers to the case where the model performance equals the performance 
of using only mean value for the entire timeseries (Knoben et al., 2019). Figure adapted from 
Article III.  

4.1.3 Replacing model component(s) with higher-resolution alterna-
tives improves streamflow estimates 

The third part of the answer to the first research question can be found in Article 
IV in a hydrological modelling context. The previous case studies dealing with 
areal interpolation concepts are useful for producing fine-scale estimates of run-
off. However, in hydrological problem-solving estimates of streamflow are often 
more crucial than estimates of runoff only. In the fourth case study I found that, 
when runoff is routed along a higher-resolution stream network, streamflow esti-
mates are improved in comparison to the original GHM outputs. On average, 
across the ten gauging stations in the case study, all goodness-of-fit metrics used 
in the case study were improved, and none were worse than the original GHM 
estimate, as shown in Figure 10.  I attribute this to a better, finer scale represen-
tation of the flow networks than is possible with the gridded global hydrological 
models. The article presents a novel area-to-line interpolation method similar to  
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Figure 10. Comparison of the mean performance of GHMs and downscaled (using area-to-line 
interpolation) GHMs when averaged over all 10 monitoring stations in Article IV. Letters A to O 
correspond to individual ensemble members in the case study. Figure adapted from Article IV 
(Kallio et al., 2021). 

 
areal interpolation, but where the target zone area is replaced with target line 
length. The case study showed that using area-to-line interpolation without any 
ancillary information (i.e., the simplest possible case) was able to improve the 
streamflow estimates compared to the global hydrological models. The perfor-
mance of area-to-line interpolation showed little-to-no difference compared to 
other areal interpolation methods in the used gauging stations. The performance 
metrics are shown in the appendix for Article IV. 
 

 

Figure 11. KGE performance distributions of global hydrological model (GHM) outputs (n=15), 
downscaled GHM outputs (n=15), random multi-model combination (n = 10 000), model average 
combinations with random sampling (n = 100), and regionalized model averaging weights derived 
at different stations (n=300). Distributions are shown for Sesan River stations. For comparison 
purposes, benchmark products GLOFAS and GRADES, and the ensemble mean (equal weights) 
are shown. Simplified from the full figure in Article IV (Kallio et al., 2021). 
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The increase in performance was achieved using only global datasets (and local 
gauge measurements for performance evaluation) – HydroSHEDS river network 
and DEM, including derived river segment specific catchments, and global hydro-
logical model simulations. While the performance of the GHM estimates increase 
with higher-resolution routing, the output varies a lot and not all models show 
reliable performance (see the distribution for downscaled GHM in Figure 11).  
However, using model averaging for the ensemble of 15 members in the case 
study, I was able to produce very high performance at the gauge locations, out-
performing alternative streamflow products used as a benchmark (Distribution 
for model averaging with random sampling in Figure 11). High and robust perfor-
mance was also achieved using an ensemble mean, which does not require 
streamflow measurements to assimilate against. Figure 12 shows how a randomly 
weighted combination of random ensemble members from the ISIMIP experi-
ment 2a stabilises to a reasonably good performance when the ensemble consists 
of approximately 10-12 members. The figure also shows that the ensemble mean 
is better than the mean of KGE of individual ensemble members. 

 

 
Figure 12. The mean KGE of random combinations of different number of members from the 
streamflow ensemble of 15 downscaled global hydrological model members, shown for four sta-
tions on the Sesan River out a total of ten stations in the case study. Simplified from the full figure 
in Article IV (Kallio et al., 2021).  
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A second contribution from Article IV in producing finer-scale estimates comes 
from the spatial representation of the expected location of the water. Gridded hy-
drological models (such as VMOD used in Article I, or CWatM in Article III) 
represent water as a continuous field with some resolution. However, when con-
sidering about where water can be withdrawn for use, we think of distinct water-
related features – wells, lakes or streams. The area-to-line interpolation allows us 
to estimate and visualise water where we expect to find it rather than expecting it 
to exist uniformly within some spatial units.  

4.2 How are the developed methods useful and what  
are their limitations? 

The evaluation of the methods described above depends on the desired outcome 
– i.e., their fitness-for-purpose – and is, to some extent, subjective (Bennett et al., 
2013). The case studies within each article test the methodologies with a specific 
purpose. With triangulation – testing and evaluation from multiple perspectives 
– I can discuss the transferability of the methods. I discuss the usefulness and 
performance in more detail in this section, giving an answer to research ques-
tion 2. 
 

4.2.1 GWPCA and composite indices in interpreting processes 

The criteria for usefulness depend on the case. In Article I, the ultimate aim was 
to increase understanding of the processes affecting water poverty. I identified a 
number of these processes, but this required an understanding of the local condi-
tions present in Laos, as well as understanding the phenomena of water poverty 
– expertise which lies mainly with professionals working on socio-economic fac-
tors of water poverty, such as human geographers. Such an expert could likely 
hypothesise on the same processes if they were a local expert, but equally likely 
not in similar detail without the use of some advanced statistical methods. The 
usefulness of the composite index and analysis with GWPCA should therefore be 
evaluated by what additional value the computational process can give to an an-
alyst. In Article I identify a number of benefits and limitations that the compu-
tational process brings:  

 
a) The use of the computational method helps reflect our understanding on the 

data about the issue at hand.  However, the computational process is not a 
substitute for expertise in the subject matter – the output of the methodology 
needs interpretation before it becomes useful. 

b) PCA produces combinations of variables which are uncorrelated. When in-
terpreting principal components as processes, the implicit assumption is that 
the processes themselves are also uncorrelated.  This further highlights the 
need for expertise in their interpretation. 

c) The methodology can uncover spatial patterns in the processes, producing a 
detailed picture of the spatial structure of the variance in the dataset. Under-
standing the structure in such detail would take an unreasonable amount of 
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resources from the analyst (if it was even possible). However, such a large 
dataset still requires further computational and visual methods for synthesis. 

d) Analysing local variation can uncover processes which would go unnoticed in 
a global analysis. A combination of global and local analyses can therefore 
help target interventions to the issue of water poverty on multiple scales. 

e) The Water Poverty Index uses other composite indices as sub-components, 
which themselves are aggregations of some indicators of their own. This is 
useful because the interpretation is simpler due to a limited number of 
weights and PCs which need to be synthesised. However, it is possible that 
this masks some details of processes – or even entire processes – in a similar 
way to the global analysis masking local processes. 

f) The data-driven weighting method, giving higher weights to those compo-
nents which produce the largest variation in the datasets, can help in as-
sessing the importance of each process. This also offers us a computational 
tool to simplify the output of GWPCA, the use of which is illustrated in Fig-
ure 7. This visualisation makes the interpretation of the output easier.  

 

4.2.2 Quantitative downscaling and modelling methods 

The other methods used in this thesis are different in nature to the PCA on com-
posite indices used in Article I, where qualitative interpretation is central. The 
output of the interpolation, routing, and model averaging methods can be as-
sessed with different numerical performance indicators and objective functions.  
In order to be useful, these methods should be assessed on the following criteria: 

 
1) The extent to which they can improve upon the use of coarse scale data di-

rectly.   
2) Whether obtaining fine-scale estimates using the presented methods is 

more resource effective than alternatives.  
3) Their performance should be as good as, or better than, comparable alter-

native data products. 
 
These three criteria are tackled in the following subsections. 

Improvement over coarse scale data 
In Article II, I assessed the performance of dasymetric mapping against 

streamflow records at gauging stations using a static ancillary variable DUNE. I 
found that KGE performance is improved compared to using the global runoff 
product directly, as seen in Figure 8B (distribution where the target zone inter-
sects a single source zone). Article III provides further assessment using meta-
models as the ancillary information, providing substantial improvement in the 
performance in particular in the high-gradient zone in the west of the study area 
(in Figure 9C, E). Article IV further assesses the performance of the fine-scale 
estimates in producing streamflow estimates at larger catchments than Article 
II, finding considerable improvement in a number of different performance met-
rics (Figure 10).  
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It seems therefore clear that the fine-scale estimates from dasymetric modelling 
do improve upon the coarser scale – i.e., they are shown to be more reliable across 
a number of performance metrics. Article III reveals this to be in part due to the 
ability of DM to correct spatially autocorrelated errors (spatial bias). DM corrects 
their outputs to match the original source zone data – this preserves the larger 
scale spatial correlation structure of the source zones, but allows variation to be 
estimated within them.  

 

Resource effectiveness 
The second criteria in this assessment, as defined above, is resource effective-

ness compared to alternatives. The alternatives for using this methodology are 1) 
using the coarse scale results themselves, as addressed above (Section “improve-
ment over coarse scale data”), 2) finding readily available product which fits the 
analysis scale, and 3) perform a modelling activity at the desired scale.  Articles 
III and IV address points 2 and 3 specifically.  

The case studies showed a number of ways in which the methodology improves 
resource use. In my personal opinion, the most important of these is the substan-
tial reduction in time from the coarse scale source data to the fine-scale estimates. 
Computational time of DM in the Article III case study was measured in 
minutes, while the full CWatM model run at target zones took about an hour (Kal-
lio, 2020). However, much of the time savings come from the other resource ben-
efits.  

While fetching the runoff data from the ISIMIP repository for the case study in 
Article IV took some time, overall, the methodology used in the case studies has 
a low data requirement compared to running a new modelling study, though the 
data requirement depends on the complexity of the ancillary model in DM (if ap-
plied). Further, the methods I describe in Articles II, III and IV all have flexible 
data requirements. They are statistical methods which can use a wide variety of 
data sources, provided they are linked to the problem at hand. Environmental 
models have strict data requirements – they are designed to work with specific 
data inputs, which may be difficult to obtain for areas with poor data coverage, 
such as the case studies in Laos, the Sesan-Sekong-Srepok Basin, and Upper 
Bhima Basin.  

Environmental models, particularly distributed environmental models, are of-
ten highly parametrised, and their calibration is time consuming. The methods in 
the case studies of this thesis have a low number of parameters or can work with 
statistical models which are fast to calibrate (to fit). This yields additional time 
savings. 

One may also use alternative data products, which, however, may require data 
processing as well. I used two benchmark products in Article IV: GRADES (Lin 
et al., 2019) and GLOFAS (Alfieri et al., 2020). GRADES is provided in a combi-
nation of NetCDF formatted streamflow records, lookup tables, and shapefiles for 
river segments and catchment areas. Fetching streamflow records for the gauges 
at the 3S basin required developing non-trivial code. Once extracted from the 
NetCDF format, GRADES is of similar resolution and configuration of catchments 
to HydroSHEDS, and was used as a direct benchmark. GLOFAS on the other hand 
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is provided as global raster files, with a single file for each day. Using GLOFAS 
requires potentially downloading of thousands of files and extracting the required 
records from the relevant raster cells. Furthermore, GLOFAS is provided in a ras-
ter format – a continuous field – and getting it to the same vector format as 
GRADES or the HydroSHEDS river network used in routing is not a trivial task 
and would require downscaling or interpolation, since GLOFAS is provided as a 
grid of 10 km resolution.  

All of the above have links to expertise. While expertise in R language is required 
for running the hydrostreamer R package described in Article IV, or Article 
III’s  prototype R package called dasymetric, it is much more common knowledge 
than expertise required for hydrology-specific modelling software. Expertise is re-
quired in selecting a model (or models; e.g., (Addor and Melsen, 2019; Horton et 
al., 2021; Melsen, 2022), selecting suitable datasets to force the models (Saxe et 
al., 2021), calibration procedures specific for the types of models (Mizukami et al., 
2019), and so on. Due to the flexibility of ancillary data in DM, useful data can be 
found through different exploratory modelling, or variable selection procedures 
in addition to expert knowledge, because DM can be used with standard statistical 
methods without rigid data requirements. 

 

Performance comparison to alternative data products 
Comparison to the benchmark of using source zone values directly as the esti-

mate is discussed above (Section ”Improvement over coarse scale data”). Unlike 
the other case studies, Article IV further compares performance against bench-
mark data products which could be used instead of obtaining estimates using the 
presented methodologies. Both benchmark products GRADES and GLOFAS are 
outputs of global hydrological models which are freely available. The ensemble 
mean obtained from the 15 hydrological products fares well against both, and in 
particular against GRADES (Figures 11 and 12). The output after model averaging 
is better than either of the alternatives in 8 out of 10 gauges; GLOFAS has similar 
performance in the remaining two. I found that an ensemble smaller than 10 
members, composed of different models and forcing datasets, may yield varying 
performance (Figure 12). Ensembles with 10 or more members have relatively sta-
ble performance over the study area. Furthermore, the use of an ensemble pro-
vides an opportunity to estimate uncertainty, increasing the reliability of the es-
timates. This cannot be obtained from the alternative products alone unless they 
specifically provide it. 
 

4.3 What contextual factors affect the performance  
of the methods? 

4.3.1 Data availability and computational context affect the retrieved 
fine-scale processes 

The analysis outcome in Article I is based on how the outcome of a computa-
tional process is interpreted. Thus, the desired outcome, an understanding of fine-
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scale processes, is affected by the knowledge of the analyst responsible for the in-
terpretation. The evaluation of the output should therefore be a qualitative assess-
ment (review) by an external expert, because a qualitative output cannot be as-
sessed quantitatively (Bennett et al., 2013). Article I does not include outside 
expert validation, but does discuss how context can influence the GWPCA analysis 
on the composite index (and as an extension, the interpreted process output). 

The dataset should comprehensively represent different aspects of the process 
we investigate. For instance, in the Article I case study, seasonal differences in 
the Capacity sub-component were entirely a result of a road access indicator. The 
indicator was meant to, together with travel times to administrative capitals, sig-
nify the ability of the village populations to engage with decision-makers. Use of 
rivers as transport corridors is common in Laos but was not included in the da-
taset due to lack of data availability in the used census data. This data represent-
ativeness also extends to their spatial coverage; the analysis was done on all vil-
lages for which both used census datasets were collected and thus may not be spa-
tially representative in all parts of the country.  

The selection of bandwidth in GWPCA makes assumptions on the spatial influ-
ence in the interpreted processes – whether chosen by an expert based on their 
understanding of the investigated phenomena, or by computational optimisation. 
Optimising the bandwidth computationally ensures that the maximum propor-
tion of variance is explained by the number of retained PCs (i.e., potentially iden-
tified processes). 

However, the input data, their scoring, and bandwidth selection affect the iden-
tifiability of processes. The Water Poverty Index sub-components’ indicators are 
commonly scored relative, regardless of possible physical interpretations of the 
indicators. Commonly, the worst-performing data point receives a score zero, and 
the best performing is assigned a score of 100, ensuring that all indicators popu-
late the entire range. Article I uses a mix of relative scoring and scoring using 
thresholds. The aggregated sub-component score is therefore influenced more by 
relative scoring than threshold scoring, unless the thresholds are selected so that 
they ensure the full score range in the dataset. When such a biased dataset is an-
alysed with GWPCA, the output PCs are likewise biased towards the indicators 
with most variation, affecting the identifiability of potential processes. Further-
more, the requirement of GWPCA in selecting a single bandwidth for the entire 
dataset affects the potential to identify processes which have different spatial in-
fluences (bandwidths).  

Moreover, the identifiability of processes is also influenced by the nature of PCA 
resulting in uncorrelated decomposition of data. While we may be able to differ-
entiate, for instance, physical processes from one another (e.g., in conceptual and 
process-based hydrological modelling), social processes are highly correlated and 
intertwined. In the study, I found that it was particularly the society-related com-
ponents of Access, Capacity, and Use that explained a majority of the variance in 
the sub-components of the Water Poverty Index. This is interpreted as a process 
describing poverty, which itself is a multi-faceted phenomenon with processes 
likely not describable by some single “optimum” bandwidth.  
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As a summary, the context which affects obtaining fine-scale estimates of pro-
cesses, with the presented methodology, is affected by 1) data availability, 2) the 
necessary assumptions made during scoring and bandwidth selection, and 3) the 
expertise of the analyst synthesising the output of GWPCA. 

 

4.3.2 Obtaining fine-scale estimates from environmental models 

The areal interpolation methods and the use of a higher-resolution routing model 
are similar in terms of how context affects their performance. In Articles II and 
IV, I found that the configuration between source and target zones strongly af-
fected the performance (and therefore, usefulness) of the methods. The finding in 
Article II that multiple intersecting source zones diminished the usefulness of 
DM over area weighted interpolation (Figure 8B) is likely because they provide 
more information about runoff production in the target zone than a single source 
zone can. In Article IV, I found that the benefit of advanced methods over the 
area weighted or area-to-line interpolation is lost as the catchment size increases. 
Due to the choice of instantaneous routing solution, the gauge monitoring stations 
effectively act as large target zones that are much larger than source zones. As the 
size of the target zone (basin defined by the gauge) increases, the difference be-
tween interpolation methods decreases. This is because the runoff assigned to the 
target zone by different interpolation methods varies only at the boundary of the 
target zone. As the target zone size increases, the area of source zones entirely 
contained within it increases in proportion compared to the source zones at the 
boundary. This finding is, however, based on a monthly timestep and an instan-
taneous routing method, and it is likely that improvement could be seen if more 
advanced routing methods and shorter timesteps were used.  

In Article IV, I further found that the area-to-line interpolation was not as ac-
curate as areal interpolation techniques at individual catchment scale (see e.g., 
Virkki, 2019, in addition to Article IV). This is because the length of a river seg-
ment is a poor proxy for the catchment area within a source zone. In larger rivers 
(> 30 000 km2 in the case study), however, they perform equally well for practical 
purposes. 

Articles II and III show that using ancillary information can improve the fine-
scale estimates over the alternative of no ancillary information. As expected, in 
both case studies the performance improvement is dependent on the ability to 
characterise the phenomenon, as discussed in earlier sections of this dissertation. 
Highly relevant ancillary data may not be available at a high resolution, resulting 
in the use of sub-optimal data to guide the interpolation. An example is provided 
in Article III, where I found that DM has a capability of improving the estimates 
where the (meta-)model is strongly biased, due to its pycnophylactic (bias correct-
ing) property. The assumption from the standard DM bias correction is that the 
reference value at the source zone is spatially unbiased – i.e., that there is little 
or no error in the reference value for the respective source zone. The boundary 
conditions in downscaling are among the most important aspects in downscaling 
(Xue et al., 2014). There exists, therefore, a task division between source zone in-
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formation and the ancillary data: the source zone should provide a spatially unbi-
ased estimate of the phenomenon, while the ancillary information provides an es-
timate of the spatial dynamics within each source zone. Article III’s example also 
shows that the improvement over the source zone data itself is limited when the 
source zone internal variation is small.  

In the Article IV case study, performance is strongly dependent on the quality 
of the source (zone) information to which the ancillary data is bias corrected 
against – that is, the output of the hydrological models in the ensemble, as seen 
in the wide range of performances in Figures 11 and 12. I found that using multiple 
estimates was an effective way of controlling circumstances in which we may be 
uncertain about the source data quality. This is highly useful in contexts with an 
absence of validation data, where we cannot confirm that any single model would 
be the fittest-for-purpose, and specifically in the case study context where none of 
the GHM’s were run with the aim to provide local estimates at the study site.  

To summarise, the outcome of downscaling is dependent on the ability of the 
ancillary data or model to summarise the variation within source zones. The use-
fulness of the method over the coarse scale source data is not clear where little 
internal variation exists. Furthermore, when validation of the downscaled outputs 
is not possible, using multiple source data can provide a robust estimate. 

 

4.4 Summary of the findings 

The case studies presented three methods for obtaining fine-scale estimates of 
different types of outcomes: First, GWPCA as applied to a composite indicator was 
used to interpret processes explaining the indicator value. Second, DM was suc-
cessfully tested as a method to obtain downscaled estimates or runoff, with or 
without PP as a pre-processor. Third, improved estimates of streamflow were pro-
duced by applying a high-resolution alternative to the global hydrological routing 
scheme. An ensemble mean was found to be a robust estimate of monthly stream-
flow when more advanced model averaging methods were unavailable due to 
missing local information.   

The methods were found to be useful for their ability to estimate the internal 
variability in datasets, providing better understanding of the phenomenon in ge-
ographic space. They are resource efficient in the sense that they save time and 
perform as well, or better than, the alternative benchmark data products. Process 
interpretation with the help of GWPCA is critically dependent on expertise, but 
DM and the higher-resolution routing method may reduce the required expertise 
compared to an application of a full hydrological model.  

Successful application of the methods, however, is dependent on the context 
they are applied in, and are affected by data, assumptions baked in the method, 
expertise and the ability for the combination of the method and available data to 
summarise the processes relevant at the fine spatial scale. 
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5 Discussion 

The answers to the research questions in the previous section contain a lot of dis-
cussion on the usefulness and context related to the presented methodologies. 
This section focuses on the fine-scale estimation strategies looking beyond the re-
search questions and case studies, suggests future work, and discusses the meth-
ods using the model evaluation framework of Hamilton et al. (2021; shown in Fig-
ure 1).  

 

5.1 Fine-scale estimation strategies 

Throughout the dissertation, I use the word downscaling somewhat loosely to 
cover each of the strategies for obtaining fine-scale estimates. Specifically, in want 
of a better term, I use downscaling as synonymous to the process of estimating 
internal variance of some aggregated spatial data or understanding. This has 
some important differences to the definitions of downscaling and small area esti-
mation provided in the introduction. Both, the definitions of downscaling and 
small area estimation, fit the areal interpolation methods in Articles II and III. 
Downscaling was defined as inferring the state of a variable at a fine scale from 
the state of the variable at a coarse scale (e.g. von Storch and Zorita, 2019), and 
small area estimation as obtaining reliable estimates of characteristics of interest 
for domains with small number or no samples available (Pfeffermann, 2013). The 
approaches of Articles I and IV do not fit in these definitions. A better way to 
characterise them is that geographical weighting is a sampling strategy where the 
same analysis method is repeated for a number of sub-populations, and the re-
placement of the routing with an alternative at a finer scale obtains estimates by 
performing more detailed process-based modelling targeted to the process rele-
vant for the desired output (which, in spirit, is the opposite of lower-fidelity mod-
elling strategy in meta-modelling; see Section 2.4.3). The following sub-sections 
provide various points of discussion relating to the three fine-scale estimation 
strategies.  

 

5.1.1 Sampling strategy 

In Article I, no new data at unknown data points were produced, and the output 
understanding was not a product inferred from the aggregate global understand-
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ing of the processes governing water poverty. Instead, the fine scale understand-
ing was built through applying the same analysis procedure using a sampling 
strategy defined by geographical kernels with some spatial extent – the band-
width. The bandwidth is fitted using the entire dataset rather than in each location 
individually. When the PCs are interpreted as processes that explain variation, the 
bandwidth describes the spatial extent of the combined processes, fit to the whole 
dataset rather than to each process individually. In research related to the geo-
graphically weighted methods, various regression approaches have been devel-
oped where the bandwidth (Yang, 2014) and the relationship between the predic-
tors (Fotheringham et al., 2017) are allowed to vary, or where model selection 
(Comber et al., 2018) varies with location. These highlight the potential of loca-
tion-dependent modelling for better understanding of spatial heterogeneity (Mu-
rakami et al., 2018). The GWPCA bandwidth optimising approach of maximising 
explained variance with predefined number of PCs, could be localised, and PCA is 
commonly used in model selection problems. PCA based on spatial filtering may 
also provide an avenue (Cartone and Postiglione, 2021).  

Geographical weighting is not, however, the only relevant sampling strategy. It 
is useful in its capacity to produce “smooth” surfaces, but societal processes likely 
exhibit discontinuities, for instance, at administrative boundaries. An alternative 
sampling strategy could be to repeat the case study in Article I at a province or 
district scale – in fact, Coulombe et al. (2016), find that the census data used in 
the case study is unreliable below district level due to very large variation. An op-
timal solution would be to find a suitable sampling strategy for each process akin 
to geographically weighted regression where relationships between variables have 
their own bandwidths (Fotheringham et al., 2017). This might not be trivial in the 
case of PCA. 

 

5.1.2 Statistical downscaling 

In principle, any method which can be used for predictive modelling can be used 
to obtain fine-scale estimates simply by running the model using input data at the 
desired resolution. Whether any particular predictive model can be used for 
downscaling depends on its fitness-for-purpose, the availability of data to fulfil 
the requirements of the applied model, expertise of the modeller, and the desired 
output. The reverse can also be true and alternative uses found for the downscal-
ing methods. I used the PP-DM interpolation method from Article II (Figure 3) 
in Viviroli et al. (2020) for the purpose of eliminating spatial artefacts from a 
downscaled surface; PP was first used to produce a smooth surface from the mean 
values in source zones, followed by introduction of details (of the downscaled 
data) to the smooth surface with DM. This effectively removed the artefacts left 
by the downscaling algorithm at the boundaries of input data. Furthermore, due 
to the nature of the areal interpolation methods, they may be used to create da-
tasets with uniform spatial support – for example, by transforming data between 
irregular and regular polygon networks while ensuring that the overall sum or 
mean of the variables are retained. 



 
 

51 

In the downscaling context, the usefulness of PP and PP-DM over area weighted 
interpolation was left somewhat inconclusive in Article II, even for the selective 
sample in Figure 8. Although PP or PP-DM could not clearly outperform the sim-
pler benchmark, Seibert (2001) argues that it does not necessarily mean that the 
method is worthless: indeed, PP-DM does provide an estimate of the internal var-
iation, which the benchmark area weighted interpolation does not do (more dis-
cussion of this provided in Article III in the context of DM). Furthermore, in a 
preliminary project (Kallio, 2020) leading to Article III, I found PP-DM to be 
substantially better than area weighted interpolation, with KGE improvement 
from 0.71 to 0.85 also surpassing the performance of DM. The potential implica-
tion is related to the context of the downscaling, with the strong gradient in runoff 
production and precipitation the western basin of the case study area potentially 
better represented with the smoothing effect of PP.  

The downscaling case studies conducted here are simple, with limited data re-
quirements. An opportunity to extend this work is through a large sample valida-
tion work which is not hindered by lack of data and which compares the methods 
to other state-of-the-art downscaling methods.   

 

5.1.3 Replacing a model component with an alternative 

The third option explored here to obtain the required fine-scale estimates is em-
ploying modelling in a higher spatial resolution. A full-scale model run may be 
resource intensive, which is tackled in Article III, and, as discussed in Article 
IV, in general may require deep expertise in modelling. Article IV employs a 
strategy of partially higher resolution modelling, replacing the transport (routing) 
component of a gridded distributed model with a vector-based one. Routing is,  
according to Beven (2012), simpler than runoff modelling. The higher-resolution 
vector-based routing better represents water availability at a physical location 
than the continuous field of a gridded output. The replacement leads to a scale 
mismatch in the modelling components with runoff being modelled at coarse, and 
transport at a high resolution. This may be an issue particularly in more complex 
modelling activities relating to our societies (Iwanaga et al., 2021), including those 
of water scarcity modelling.  

Furthermore, the higher-resolution routing in Article IV from a coarse scale 
input requires downscaling due to the scale mismatch. The coarse scale modelling 
may not represent the processes which are important at the finer scale. Case study 
in Article IV shows that the simplest tested method – area-to-line interpolation 
– performs similarly to more developed methods at the gauges with minimum 
drainage area of ~30 000 km2. However, Virkki (2019) shows that area-to-line 
interpolation is the most uncertain method at fine resolutions, which suggests 
that the assumptions in the method – i.e., that the length of the river line within 
a source zone is an adequate proxy for the catchment area – may not be valid. 
Using multiple estimates may be used to treat and assess this uncertainty 
(Teutschbein and Seibert, 2010), and model averaging can be viewed as a gener-
alised model selection method (Diks and Vrugt, 2010) for selecting for the most 
appropriate (combination of) models for local processes. 
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Rerouting with finer stream network may also help to address potential defi-
ciencies in the routing methods of the coarse models – for instance, by consider-
ing processes such as lakes, reservoir operation, and water withdrawals, thus add-
ing to the reliability of the model.  
 

5.2 Fit-for-purpose for water scarcity assessments? 

In this section, I assess whether the methodologies developed in the four case 
studies are feasible and provide useful and reliable information for water scarcity 
assessments, synthesising and expanding on the findings, following the frame-
work of Hamilton et al. (2021) for the relevant criteria. The subheadings refer to 
the specific meanings of feasibility, usefulness and reliability in the framework. 
 

5.2.1 Feasibility   

The methods developed here can contribute to both criteria of feasibility used in 
the framework: punctuality and costs. GWPCA with a composite index signifi-
cantly reduces the work required for analysing complex relationships between in-
dicators through visualisation (Andrienko et al., 2020). The weighting method 
developed in Article I (Eq. 12), particularly helps to synthesise the output of 
GWPCA, helping with punctuality and potentially reducing the resources needed 
by the expert. The method has no strict data requirements apart from requiring 
spatial data for geographical weighting. However, the method does have height-
ened requirement for expertise – for instance, for selecting representative indica-
tors from available data, the choice of bandwidth, and most importantly in the 
interpretation of the output. 

Downscaling using DM (or PP-DM) is a conceptually simple approach to the 
problem with complexity which can be chosen by the user. DM can support just a 
single ancillary variable (as in Article II), more complex machine learning algo-
rithms (Article III) or even full distributed process-based models. In the latter 
case, the role of the source data would be solely providing a reference for bias 
correction, which can also be as complex as one needs and what is supported by 
reference data. Thus, the methodology can be tailored to fit the project context, 
potentially aiding with both punctuality and cost criteria.  

Similarly, the partially higher resolution modelling explored in Article IV can 
be tailored to the project context. The case study uses the simplest possible rout-
ing algorithm (instantaneous routing) because it was deemed sufficient for the 
catchment size and timestep. However, no limit is inherently set for the complex-
ity of the routing. The approach has specifically been designed to reduce project 
costs: to provide useful local estimates from existing work done by professionals. 
The case study shows that one needs only (multiple) runoff source data and a river 
network to obtain useful local estimates of streamflow – that is, extremely low 
data requirements. 

Article IV describes an R package Hydrostreamer which implements the ap-
proach, making the methodology available to those with R programming skills. In 
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addition, in the preparation work to Article III, a prototype R package called 
Dasymetric is under preparation (available in Github at: 
https://github.com/mkkallio/dasymetric) which will, in the future, support the 
advanced areal interpolation methods for timeseries data, which are currently not 
explicitly supported in existing implementations.  

 

5.2.2 Usefulness 

The case studies showed the methods to be useful for their respective given prob-
lems. GWPCA, in conjunction with the composite index, was deemed useful in 
Article I and can be used to identify relevant processes in the data. Articles II, 
III and IV have shown that their respective methods may be used to obtain fine-
scale estimates of water-related variables.  

The GWPCA method may be further useful in identifying the scales relevant to 
an issue, since the bandwidth can be optimised for maximum explanation (but as 
discussed in Section 5.1.1, different processes may have different bandwidths, 
suggesting the need for future work). All of the methods are flexible in their data 
requirements and thus their inputs and outputs are accessible. Particularly the 
composite indicator used, WPI, is recommended to be applied based on whatever 
data are easily available (Sullivan and Meigh, 2007).  Furthermore, GWPCA, DM, 
or PP-DM are general purpose methods, not only applicable to the case study 
problems presented (unlike the routing solution in Article IV, which may cur-
rently only be applied to obtain streamflow). In particular, the methodologies are 
useful, for instance, for identifying focal points to focus on and to obtain first es-
timates quickly. 

Further, the applications in the thesis have been mostly completed with open 
datasets. The few closed data sources used could have been replaced with another 
open one, perhaps with the exception of streamflow records in Article IV case 
study (not available from global data collections). This is alleviated, however, by 
the fact that the case study finding that the mean of ISIMIP 2a runoff ensemble is 
a robust estimate for the monthly scale. 
 

5.2.3 Reliability 

The output of the first case study has not been assessed by an outside expert, and 
the reliability of the output would require qualitative assessment not discussed in 
this dissertation. The statistical downscaling and high-resolution routing have 
been, however, assessed for their credibility (refer to Figure 1).  

The core input data – the source zone values in Articles II, III and IV to be 
downscaled – are either peer-reviewed datasets, or outputs of state-of-the-art 
global hydrological models run by the modelling teams actively developing them. 
The other input data has mostly been peer-reviewed and widely used, thus having 
a credible and sound theoretical basis. Whether the downscaled estimate is cred-
ible depends on the inclusion of the processes and characteristics relevant at the 
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fine scale (as shown, e.g. in Teutschbein et al., 2018). The meta-model perfor-
mance in the case study in Article III casts some doubt in the appropriate rep-
resentation of fine-scale processes; while the performance is exemplary at the 
source zone level, performance significantly deteriorates when applied at the tar-
get zone level.  

However, performance assessment is generally favourable for the methods 
across the three case studies; Article II shows that runoff downscaling with a 
single topographic variable yielded a very wide range of performance, but that DM 
consistently improves upon simpler methods. With the random forest meta-
model in Article III, however, the methodology yielded good performance in 
overall KGEnp (0.64-0.67 with standard KGE, not shown in the paper, yielding 
0.80-0-81). Moreover, Figure 9 shows that for most of the study area, the perfor-
mance can be considered good. Article IV shows that the higher-resolution rout-
ing consistently improves the performance compared to the lower-resolution es-
timates (Figure 10), but with wide range depending on the source data. Ensemble 
mean, however, performs consistently well, and with model averaging, the per-
formance for monthly timeseries is excellent (Figure 11).  

 

5.2.4 Relevance for water scarcity assessments 

As the previous sections discuss, in general the methods can be said to be fit-for-
purpose with the criteria I have been able to address here for the case studies in-
cluded in the articles. While the articles do not explicitly discuss water scarcity, 
they are directly relevant to water scarcity assessments.  

None of the Articles II, III or IV discuss water scarcity explicitly, but each case 
study in those articles deals with the amount of water resources, which is the first 
main component in water scarcity assessments. Brunner et al. (2019) discuss that 
the monthly time scale used in Articles II and IV is sufficient for the assess-
ments. They further suggest that the assessments should be made on a scale in 
which the internal variation within analysis units is small – an issue which can be 
addressed with DM (and PP-DM).  

Article I focuses on water poverty, a low-level element of water scarcity. Water 
scarcity assessments generally do not go to this level of detail, but are rather fo-
cused on high-level aggregated indicators as a function of water demand and wa-
ter availability. Using this methodology, it became clear that the main issues have 
little to do with the amount of water, and more to do with the infrastructure and 
management of water. GWPCA and composite indicators are likely useful for the 
estimation drivers of water demand, which largely driven by economic and socie-
tal processes. These findings are similar to Rijsberman (2006). 

Being in the interface between society and water, water scarcity assessments 
have direct relevance to the relatively new field of socio-hydrology focusing on 
“observing, understanding and predicting future trajectories of co-evolution of 
coupled human-water systems” (Sivapalan et al., 2012, p. 1271).  This entails un-
derstanding the processes at various scales; developing this understanding is one 
of the targets of the International Association of Hydrological Sciences decade of 
Change in hydrology and society, which is also the target of Article I.  
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6 Conclusions 

Solving future water-related environmental and societal issues requires model-
ling because the future is unknowable, because of missing observation data to val-
idate models against, and because of the uncertainties in modelling society. In this 
dissertation, I sought to develop methods to obtain fine-scale, local, estimates rel-
evant for water scarcity assessments in conditions of scarcity of resources – 
whether time, money, data, or expertise. I developed three methodologies based 
on sampling, statistical downscaling, and partially fine scale modelling. Below I 
summarise the new scientific findings of the thesis divided to these three meth-
odological developments. 

First, Geographically Weighted Principal Component Analysis (GWPCA) was 
applied to the Water Poverty Index to understand the internal variation in pro-
cesses which help explain water poverty. The method is based on a strategy where 
PCA is applied repeatedly to different geographically determined sub-popula-
tions, and the output principal components are interpreted as processes. I found 
that the GWPCA on a composite index can efficiently uncover the spatial variation 
in the interpreted processes. The composite index weighting developed can sum-
marise the importance of indicators in PCA and simplifies the work of the analyst 
whose expertise is critical for the interpretation of processes. 

In the second method, advanced areal interpolation methods were applied in a 
statistical downscaling context of environmental model outputs. Here, DM (i.e., 
dasymetric modelling) – areal interpolation assisted with an ancillary model – 
was discussed as a method which bias corrects downscaled values according to 
some reference value. I showed that DM is highly useful due to the bias correcting 
property and, combined with a performant meta-model, can be used to estimate 
the internal variation, and thus provide fine-scale estimates, of environmental 
model outputs. The method significantly improves from the use of meta-models 
alone, and can save resources compared to an alternative of setting up and run-
ning a distributed modelling run; however, the meta-model should accurately 
represent the processes dominant at a finer scale. DM was also used in conjunc-
tion with pycnophylactic interpolation, which may help in representing phenom-
ena with continuous distribution in space. 

Third, I replaced the routing component of global hydrological models in order 
to obtain fine-scale estimates of streamflow. The methodology supports the use of 
ensembles and uses model averaging to refine the streamflow estimates.  The re-
placement of routing component in hydrological models can significantly improve 
performance. This improvement is substantial when multiple estimates are used, 
and streamflow records are available to enable model averaging. However, the 
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ensemble mean is a robust and highly performant alternative if no observation 
records are available. The method has minimal resource costs. 

Each of the three methods have direct relevance to, and are useful for, water 
scarcity assessments – and by extension, to socio-hydrological problem solving. 
Applied in contexts where resource availability is an issue, the methods signifi-
cantly improve upon coarse resolution global alternative data sources and help 
ensuring fitness-for-purpose in the local context. Future work should further val-
idate the methodologies to spatial and other contexts not explored in this disser-
tation.  
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