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There are very many geographical themes and metaphors in the songs of
Luka Bloom. If we take Geography as being concerned with, to
paraphrase Alexander von Humboldt (1769-1859), the study of the Earth
as our home and if we follow the common practice of identifying Space,
Place, and Environment as the fundamental building blocks of
geographical theory, then, LLuka Bloom’s art is profoundly geographical.

Let me begin with environment or nature. About half the songs written
by Luka Bloom have nature as a direct concern or a central metaphort.
Antinuclear politics are evident in several songs including, ‘Rainbow
Warriot’, a celebration of the Greenpeace campaign to end French
nuclear testing in the Pacific Ocean. There is also a surprising
commentary upon the environmental damage wrought by consumerism
expressed in a song of respect for a homeless man whose ‘CO? emissions
are pretty much zero [...] a model urban citizen’ unlike the singer for ‘if
everyone lived like me, we’d need about four planets just to keep it all
going’ (‘Homeless’). Metaphors drawn from nature are ubiquitous from
the contemplation of endless change in ‘Here and Now’, to the
comparison of the fever of love to the rush of a rain in ‘Love is a
Monsoon’. There are dozens more and certain motifs return. For a child
of the Midlands, Bloom has a perhaps surprising love of the sea.
‘Moonslide’ treats the plunge of commitment as akin to swimming while
‘Salt Water’ treats swimming in the sea as perhaps an activity out of time
that releases someone, at least for a time, from the claims of history.
There is something pagan and pantheistic about the reverence for nature
in these songs. It is ‘[o]utside the churchyard walls’ that one Sunday, the
singer offers the sacrament of song, for ‘[e]very note is sacred | Every
word’s a little prayer | As the blackbird’s call | Or the last leaf’s fall’
(‘Sunday’). In ‘The shape of love to come,” the singer remarks that
‘[p]eople are leaving God’s houses | Looking for footprints in the sand’
and goes on to anticipate a love of nature celebrated in the open air of a
circle rather than the cloistered space of a church.

If place is a sort of effect produced by people being in each other’s
presence, then, as we know, this can produce a strong sense of
rootedness although that is certainly not the only form of place that
matters. Luka Bloom was born in Newbridge, Kildare. The region
features in several of his songs. I just described as a broadly pagan
account of the worship of nature, “The shape of love to come,” yet the
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song also recalls Brigid with her ‘cell of oak’ and Luka Bloom has shown
a particular reverence for the memory of the patron saint of Kildare. In
1995 he was involved with a music festival associated with St Brigid’s
feastday, ‘singing The Curragh of Kildare to accompany the lighting of St
Brigid’s flame on the Hill of Allen’ although in talking of this event he
made a fairly secular pitch for tourism: ‘[t]he fire has been lit and there’s
no going back [...]. From now on we have to make sure that Kildare is
seen as a place to come to rather than to come through.”' More recently,
in praise of Maura ‘Soshin’” O’Halloran (1955-82), a young Irish-
American woman who trained as a Buddhist monk in Japan but who then
died in a coach crash while on her way back to Ireland to set up a Zen
centre, Luka Bloom offered that ‘She could have become a 20th Century
Brigid.”” The Brigid that he cherishes in ‘Don’t be afraid of the light that
shines within you’ has more to do with nature and the seasons than with
any specifically Christian witness and it is perhaps the goddess Brigid
who rather presides over his prayer: ‘[o]ut of the cold, dark winter space
| We come together, looking for Brigid’s grace | We dip our open hands
deep into the well.”

Kildare as a place is championed in the very funny, ‘I'm a bogman,” a
song which challenges what the singer feels as the condescension of so
many towards the Midlands, a place with ‘[n]othing to do for the body |
Nothing to do for head.” For Luka Bloom, though, the bog promises
‘[tJurf smell’ that ‘warms hearts | Til the huggin’ and kissin’ starts | Bog
love surrounds you | A beautiful place to come to.” He even called one

of his albums, “Turf’ (1994).

There is an achingly beautiful evocation of place in another song that
relates place to memory, to death, and to continuity. In ‘Sanctuary’, Luka
Bloom contrasts the ‘calm’ of the Kildare fields with the ‘shock’ of time
passing, as registered in the ‘loss’ of someone very dear to the singer. But
he can ‘leave daffodils where you lie’ and be warmed by a memory that is
as ‘[a]n easy voice making everything all right | Sanctuary.” A sense of
rootedness is produced by the association of one’s co-presence with
someone very dear in that place, and then of one leaving that person’s
body into the soil of that place. Yet, not all is dead and interred with their
bones. In another arresting elegy, “The man is a alive’, he sings of being
‘brought up near the riverside | In a quiet Irish town | An eighteen-
month-old baby |the night they laid my daddy down.” This did indeed
happen’ but in the song Luka Bloom finds that his father is yet alive,
‘[a]live and breathing | The man is alive in me.” If the son brings the
father with him, so will home, place and people also travel. In “Tribe’,

! Katie Donovan, ‘Kildare festival remembers St Brigid,” Irish Times (3 February 1995) 2.

2 Quentin Fottrell, ‘Reviews, cues and predictions,” Irish Times (3 January 2009) B16. Luka
Bloom has himself written a song in her honour, ‘Soshin.

3 Andrea Smith, ‘Brothers striking a chord: Christy Moore and Luka Bloom have inspired
each other through lives filled with music,” Sunday Independent (9 August 2009).
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Luka Bloom asserts that ‘(hJome’s a place inside, I take it with me | 1
meet my tribe wherever I may be.” This conclusion was wrested from the
strict schoolmaster of the open road and it recalls directly the central
chapter in James Joyce’s Ulysses where another Bloom, Leopold, the
Irish-Jewish man, is baited with the question, ‘But do you know what a
nation means?”* In the song, Luka Bloom is dissatisfied with those who
‘stand saluting, saying this is who I am | A piece of cloth, a field, an
island” and recalling that ‘Joyce lies in Zurich, Beckett lies in France” asks
‘[wlhat anthem has the tune to their dance’ before posing the rhetorical
question, ‘[wlho is my tribe, is it only green | Or is it the rainbow of my
dreams.’

Those dreams were, in large part, ‘Dreams in America.” The wisdom of
“Tribe’ comes from travel, diversity of experience, and the different
lessons to be learned from the various ways of living of different people
in different places. Recalling among other things perhaps, W. B. Yeats
criticism of the fanatic that ‘[h]earts with one purpose alone | Through
summer and winter seem | Enchanted to a stone,” an early song about
leaving Ireland used the image of the “Treaty Stone’, to represent
Ireland.” Although the Treaty Stone recalls the conquest of 1691, the
notion of an Ireland ossified by an inglorious treaty could as easily apply
to the state of politics in the Republic at the time that the song was
published (1978) with the contending parties of national politics claiming
to distinguish themselves from each other on the basis of their attitude
towards the Treaty that created the Irish Free State in 1921. In the song,
he promises soon to ‘leave the treaty | Say goodbye to the stone’
admitting only that he is ‘sometimes sad to go.” In another early song,
‘Mother, father, son’, a son tells his parents that he has no wish to go
back to their home, ‘[n]Jo I won’t go back there | Not this time’ for
‘[c]hasing wealth and discipline | Have been your only goals’ and he can
no long live with the injunction to ‘[h]ide your feelings.” In his mid-
twenties he spent time in Holland but in his early thirties, he left Ireland
for the United States and Barry Moore now became Luka Bloom, after
the affecting Suzanne Vega song about child abuse, ‘My name is Luka,’
and the pacifist hero of James Joyce’s Ulysses, Leopold Bloom.

Using the relations between how life is lived at different locations to
think about proper conduct is certainly to invoke the geographical
framework of space. One of the songs on his first album as Luka Bloom
concerned a Chilean exile, ‘Rodrigo’, living in the United States but who
is drawn home by fond memories. But he arrives to find the place turned
into a charnel house by the vicious military and ‘[o]ne young Chilean
soldier smiles to his friends | And douses Rodrigo’s body in gasoline.’

# James Joyce, Ulysses (London: Bodley Head, 1986 [first edition, 1922]) ch.12, 1. 1419.

> W. B. Yeats, ‘Easter, 1916’ [1916], I 41-3, in idem, The Poems (London: Everyman, 1990)
229.

¢ The Treaty Stone is in Limerick and is reputedly the surface on which the treaty of 1691
was signed.
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Nostalgia is a treacherous siren. Safe in New York, Luka Bloom took
pleasure in being ‘An Irishman in Chinatown’ ‘[s]he says “I come from
China” | I says “I'm from Ireland” | And “Isn’t this a fine small world.””
A ‘fine small world’, indeed, and several songs from this period give a
sense of comparisons being made. In ‘100,000’, he explains why illegal
Irish workers want to stay in the United States since back home in
Ireland is no place for ‘a young lad | there is only bitching and
begrudging and there’s no jobs.” In ‘Colourblind’, he sings of ‘[a] rainbow
of faces’ that ‘walks alongside me, right beside me.” The melting pot of
New York promises a chance to ‘let go of all the pain I left behind,” to
‘leave my Irishness at home,” to ‘leave all sense of race behind | To be
among you colourblind.” But four years in the United States was enough
and he sang in “This is your country’ of feeling a ‘tug [...] | Inside your
heart” which recalls the happy days of youth ‘[b]efore the age of the cruel
and the unkind’ and which ‘is your country waiting for you | Come back
home.’

But a mind enriched by life in Europe, in the United States, and soon
nourished also by extended stays in Australia, would not confront Ireland
in quite the same way as before. Local engagements could now be
nourished with foreign experience.

Thus in ‘Freedom Song’, the attempted eviction of a Dublin traveler
community is resisted by one woman who stood her ground to assert her
dignity and her dream that her children should be ‘loved | As Irish
brothers and sisters by and by’ and in the song Nan Joyce is inspired
directly by the example of Rosa Parks with her comparable fight for fair
treatment on behalf of African-Americans through the bus boycott in
Montgomery, Alabama: ‘[s]he lit the flame and the fire is still burning |
Inside every heart that’s longing to be free.”’

In ‘Gypsy music,” he turns the comparison around and uses the freedom
and mobility of the traveler lifestyle as a new paradigm for the post-1989
Europe where ‘[a]ll the old walls are tumbling down | Bringing us
freedom for moving around.” The mobility of movement in space is a
very important imaginative resource in Luka Bloom’s songs. In ‘Change’,
he enjoys ‘the moment of change [...] when the road is clear.” Just as he
celebrates freedom as movement, so that means he accepts the immigrant
as readily as he does the emigrant. With the brilliant phrase, ‘No matter

7 Nan Joyce is a traveller woman who has collected songs and stories and whose life story
has been published: Nan Joyce, Traveller: An autobiography (Dublin: Gill and Macmillan, 1985).
There is a discussion of this book in Paul Delaney, ‘Sean Maher and Nan Joyce,” Studies: An
Irish Quarterly Review 93:372 (2004) 461-472. Rosa Parks (1913-2005) was a civil rights activist
in the United States who began a boycott of local buses in Montgomery, Alabama, when, on
1 December 1955, she refused to move out of a seat in the whites-only (front) part of the
bus when asked. You can watch an inspiring interview with her at the following address:
http://eclipse.wustl.edu:7070/iml04 /iml04_vid_parksI2.mp4.
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where you go, there you are,” Luka Bloom knits together space and place.
In this marvellous song, a young Muslim forced out of his country by his
refusal to go to war, finds a new home in the sound of the Irish music he
tirst hears in Paris and that he follows to Galway, ‘[fJor the music in his
spirit, is his shelter and his home | Mohammed’s fir ignited with the
ancient jigs and reels.’

These connections and comparisons between here and there might be
thought of as a sort of spatial moral imagination. With ‘I am not at war
with anyone,” Luka Bloom insists that he doesn’t ‘need to be friends with
everyone |But I'd like to live in peace with everyone | This rush to war
is wrong | And so I sing this song | I am not at war with anyone.” In
‘Listen to the hoofbeat,” Luka Bloom sings of a Native American
‘medicine man’ who brings the tribes together, calling for ‘[s]haking off
ancient pains’, ‘a wiping of tears’ and thereby ‘mending the sacred hoop.’
The relevance to Ireland was only implicit in that song but has been
explicit in some of Luka Bloom’s newer songs about Irish history. He
invites people to set past hurts aside for there is little to be gained in
‘[c]ounting our sins on the path to forgiveness | Hoping we’re heard by a
merciful witness.” Far better, as in the title of the song, to engage with
‘Right here, right now.” Making peace with the past is the only way to
engage fully with the present and in ‘Forgiveness’ he sings of the ‘[o]ne
word” which ‘[b]rings freedom home at last ‘Forgiveness ... | For the
ancient wounds still hurting | For the wrongs I’'ve never known | For all
the children left to die | Near fields where corn was grown.” In “The
miracle cure,” he promises ‘[nJo losers, no winners | In forgiveness |
Together we’re free.’

It may be that only someone who spent time away from Ireland could
put forgiveness and the famine in the same song, only the imagination of
space and not just place could recognize that much hurt is indeed for
wrongs that the present generation has never truly known. This fierce
adherence to nonviolence has been nurtured by the travels of Luka
Bloom. It has been fed by his appreciation in the United States of the
achievements of the civil rights movement there, and has also been
watered by Buddhist teaching. Luka Bloom has great respect for the
Dalai Lama and has not only written a song about him, ‘As I waved
goodbye,” but also has performed the song as the curtain raiser for the
monk’s Australian concerts. In ‘Primavera’ Luka Bloom continues with
his reflections upon the need to cultivate an ethic of nonviolence as the
only salve for ‘this cold, dogmatic world | Where the righteous are on
song | They talk God on every side | And all humility is gone.
Cultivating humility through experience is part of this troubadour’s
métier and while ‘Background Noise” dramatizes doubt — ‘[w]hat the hell
do I know— | Crying out for love,” it also gives the reassurance of lofty
ambition — ‘[w]e all need a new speech— | The words of love.” There is
true grandeur in the geographical imagination of Luka Bloom.
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CHAPTER 34

THE ROLE OF HYDROLOGICAL MODELLING
UNCERTAINTIES IN CLIMATE CHANGE IMPACT
ASSESSMENTS OF IRISH RIVER CATCHMENTS

SATISH BASTOL.A, CONOR MURPHY and JOHN SWEENEY
First published in Adpances in Water Resources (2011), 34(5), 562-576.

Introduction

Conceptual Rainfall Runoff (CRR) models forced with regional climate
change scenarios downscaled from Global Climate Models (GCMs) are
widely employed to assess the impacts of climate change at the catchment
scale. This approach is subject to a range of uncertainties associated with
future emissions of greenhouse gases, the response of the climate system
to these changes at global and local scales, and uncertainties associated
with the impact models. These uncertainties then cascade through the
climate change impact assessment methodology with potentially large
uncertainties associated with critical future impacts at the local scale
where key decisions are required in order to increase the resilience of
water supply management and infrastructure to future changes. Given
that uncertainty in modelling will not be significantly reduced in the short
or medium term future, ensuring that potentially expensive and
irreversible adaptation decisions made now are robust to the uncertainty
in future climate change impacts means that considerable effort is
required in investigating and quantifying sources of uncertainty.

Output from GCMs are based upon the fundamental laws of physics
embodied within models and assumptions on the concentration of
greenhouse gases in the atmosphere. As these GCMs differ in the way
they simplify the climate system, and aggregate the process in space and
time, future projections of water resources are dependent upon the
choice of GCMs employed (Prudhomme et al., 2003). Utilization of
information from different models has been widely used to address these
uncertainties. Giorgi and Mearns (2002) introduced the Reliability
Ensemble Averaging (REA) method for calculating uncertainty ranges
from ensembles of different Atmosphere-Ocean General Circulation
Models (AOGCMs). Similarly, Tebaldi et al (2005) extended the REA
method and proposed a Bayesian statistical model that combines
information from a multimodal ensemble of AOGCMs and observations
to determine probability distributions of future temperature change on a
regional scale. Several studies have used the output archived in Coupled
Model Inter-comparison Projects to account for uncertainty in GCMs
(e.g., Solomon et al., 2007), while several others have used the output
from perturbed physics ensembles to evaluate the uncertainties arising
from GCM model formulation (e.g.,Murphy et al. 2007).
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Output from GCMs reproduce the global and continental scale climate
fairly well, however, they are inadequate in impact studies due to the
differences in the spatial scale of the GCM and the output needed for
impact studies (Wilby and Wigley, 1997). This limitation has been widely
addressed through the use of regionalisation techniques to downscale
large scale simulations from GCMs. In the last decade a number of
methods have been employed, particularly empirical statistical
downscaling and the deployment of Regional Climate Models (RCMs),
with techniques differing in the way they reproduce various statistical
characteristics of observed data (Wilby and Wigley, 1997, Khan et al,,
2009).

In an attempt to quantify major sources of uncertainties associated with
climate change impact assessment, New and Hulme (2000) presented an
approach to quantifying uncertainites associated with the estimation of
future greenhouse gas emissions, the climate sensitivity, and limitations
and unpredictability in GCMs. Similarly, Horton et al. (2006) analysed the
uncertainty induced by the use of different state of the art climate models
on the prediction of climate-change impacts on the runoff regimes of 11
mountainous catchments in the swiss Alps.

However, most of the studies utilized a single hydrological model and
ignored the modelling uncertainties associated with the structure of such
models. Hydrological models are inherently imperfect because they
abstract and simplify real patterns and processes that are themselves
imperfectly known and understood. Furthermore, experiences with the
calibration of hydrological models suggests that their parameters are
inherently uncertain. Though many studies have addressed the issues of
parameter uncertainty, very few have looked at the uncertainties related
to model structure, particularly in the context of climate change
assessments.

Since the role of uncertainties derived from hydrological modelling in
impact assessment has received much less attention, this study attempts
to identify the role of the selection and parameterisation of hydrological
models on the overall uncertainty envelop involved in evaluating the
impact of climate change on water resources at the catchment scale. The
paper is structured as follow: Section 2 considers the sources of
uncertainties in rainfall runoff modelling and techniques employed to
quantify prediction uncertainties. Section 3 provides an overview of the
study basins and climate scenarios, the hydrological models employed
and methods employed to account for the different uncertainties that are
associated with studying the impact of climate change on water resource.
Results are outlined in section 4.

Uncertainties in CRR Models

Despite their acknowledge limitations, CRR models continue to be widely
used for assessing the impacts of climate change on water resources and
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for projecting potential ranges of impacts from scenarios of future
change. CRR models use relatively simple mathematical equations to
conceptualize and aggregate the complex, spatially distributed, and highly
interrelated water, energy, and vegetation processes in a watershed. Due
to the randomness in nature and the lack of complete knowledge of the
hydrological system, uncertainty is an unavoidable element in any
hydrologic modelling study (Beven, 2000; Gupta et al., 2003). In
hydrological modelling, uncertainty stems from a variety of sources such
as; data uncertainty, parameter uncertainty, model structural uncertainty
and state uncertainty.

An extensive review of the causes of uncertainty in hydrological model
and various methods for assessing the uncertainty can be found in
Melching (1995). The climate change/hydrological modelling literature
has mostly focused on the prediction uncertainty arising from model
parameters (Kuczera and Parent, 1998; Steele-Dunne et al. 2009), despite
the fact that uncertainties resulting from dependence on a single
conceptual-mathematical model are typically much larger than those
introduced through the inadequate choice of model parameter values
(e.g., Carrera and Neuman 19806). Larger differences in the model results
are likely to occur when different model structures are used to simulate
the hydrological impact of the postulated climate changes thereby
increasing the uncertainty of the future discharge prediction considerably

(e.g., Jiang et al., 2007).

To examine the impact of model structure error and complexity on
model performance and modelling uncertainty, Butts et al., 2004 used
multi-model ensembles for the Distributed hydrological Model Inter
comparison study watersheds. Their work suggests the importance of
considering uncertainty for streamflow forecasting and the utility of
multiple model ensembles to consider model parametric and structural
uncertainty. A review on the range of strategies for assessing structural
uncertainties in environmental modelling is available in Refsgaard et al.,
2006. These strategies can be broadly grouped into two depending upon
weather or not target data is available. In the application of hydrological
models in climate change impact assessment, the structure of the
hydrological model cannot be assessed directly using observations.
Therefore, the main strategy to account for modelling uncertainties is to
extrapolate future conditions with multiple conceptual models.

Methods for assessing uncertainty

Among various methods for assessing the uncertainty of hydrological
models, the Generalized Likelihood Uncertainty Estimation (GLUE)
method (Beven and Binley, 1992) has been extensively used (e.g. Freer et
al.,, 2004). The GLUE method is based on the premise that for a
physically based hydrological model, no single optimum parameter set
exists; rather a range of different sets of model parameter values may
represent the process equally well. Different model structures, as well as
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different parameter sets in a particular model structure, can be easily
combined within this framework. The technique is based on Monte Carlo
simulation where a model is run a large number of times with different
parameter sets. In GLUE, it is assumed that the error associated with a
particular model (parameter set) will be similar in prediction to those
found in calibration. More details on GLUE can be found in (Beven and
Binley, 1992; Freer et al., 1996; Montanari, 2005). The major output of
the GLUE method for assessing uncertainty is the prediction interval at
each time step bounded by the lower prediction and upper prediction
limit. To examine the capability of the prediction intervals to capture the
observed values, an index defined as the ratio of the number of the
observations falling within their respective prediction intervals to the
total number of observations is normally used (e.g., Montanari, 2005). If
prediction bounds are large enough to include most of the observations,
it means that parameter variability alone can compensate for other
sources of error, such as measurement and model structure errors and
thus it can account for the total output uncertainty. The performance of
median values Q50 is also usually judged using the Nash Sutcliffe
criterion. Furthermore, an average prediction interval defined by the
average prediction bounds of a particular confidence level can be used as
a measure to reflect the uncertainties in the modelling process.

Bayesian Model Averaging (BMA) is a standard statistical post processing
tool. It can be used to account for model uncertainty by combining
predictive distributions from different sources (Raftery et al. 2005). The
application of BMA is growing in a multimodel ensemble of AOGCMs to
produce mean and probabilistic climate change projections (e.g., Tebaldi
et al., 2005; Min et al., 2007). In BMA the predictive probability density
tunction (PDF) of any quantity of interest is a weighted average of PDFs
centered on the individual forecasts, where the weights are equal to
posterior probabilities of the models generating the forecasts and reflect
the models' relative contributions to predictive skill over the training
period. The BMA weights can be used to assess the usefulness of
ensemble members, and this can be used as a basis for selecting ensemble
members for prediction. Duan et al., 2007 explored the use of the BMA
scheme to develop more skilful and reliable probabilistic hydrologic
predictions from multiple competing predictions made by several
hydrologic models. Dual et al showed that the BMA scheme has the
advantage of generating more skilful and equally reliable probabilistic
predictions than the original ensemble.

Methodology

Study region and data

The area of focus for this study is Republic of Ireland (Fig. 1). In
particular, the impact of climate change on water resources at the
catchments scale is investigated using four Irish catchments (see Fig 1),
namely the river Blackwater at Ballyduff (2302 km?), the river Suck at
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Bellagill (1219 km?), the Moy at Rahans (1803 km?), and the Boyne at
Slane (2452 km?). These four catchments were selected so that they
represent the diverse hydrological responses of different catchments
located throughout the Republic of Ireland. Table one provides an
overview of key catchment descriptors.

Figure 1. Location of case studv catchments
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Table 1. Catchment Descriptors

09°691 <90 6L°0 €00 10 914 0ot vEl el FOPAiEd e BN
097G.L 8S°0 690 1¢0 800 99t 9¥01 6£70 61e1 [oEREIEng
018 9.0 1670 Lo 6070 19¥% €cel ¥L°0 €081 SHEHEASE A0
0606 690 680 c00 ¥0°0 F0S 068 890 [ e RSB SUE[G B SINIOH
APGHE s108 T1G 0, 24AT T op s | oy ifad0g | (@) FIFES (waw] g5 | 8045 | (3] voap HROD) B ST

Six sets of statistically downscaled climate scenarios derived from three
GCMs and two emission scenarios, namely A2 and B2, downscaled for

Ireland by Fealy and Sweeney (2007) were used to characterise future

climate evolutions. The GCMs considered included: HADCMS3 from the
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Hadley Centre for Climate Prediction and Research (Met Office, UK);
CCGCM2, from the Canadian Centre for Climate Modelling and Analysis
(CCCMA; Canada) and CSIRO-Mk2 from the Commonwealth Science
and Industrial Research Organisation (CSIRO, Australia). The A2 and
B2 scenarios represent future emissions levels that could be considered
‘medium-high’ (A2 emission) and ‘medium-low’ (B2 emission). Though
A2 and B2 encompass most of the range of the Special Report on
Emissions Scenarios (SRES), the inclusion of A1F1 and B1, the high and
low scenarios would allow a larger proportion of the range of future
emissions to be included. A fully probabilistic assessment of future
regional climate change and its impacts requires more scenarios of
radiative forcing. However, they are not readily available, because no
climate modelling centre has performed GCM simulations for more than
a few emissions scenarios for Ireland. Though this limitation can be
partly addressed using pattern scaling methodologies, which have been
widely used to provide climate change projections for time periods and
emission scenarios that have not been simulated by GCMs, the
assumption is only weakly valid for precipitation (Mitchell, 2003), a
primary input to hydrological models. Therefore in this study we only
utilized the time series of downscaled data derived from three GCMs
forced with two scenarios (e.g. A2, B2). The future potential
evapotranspiration used is not a direct output of GCM, but is estimated
based upon present climate using Hargreaves method, a radiation based
empirical model popularly used for the simulation of potential
evapotranspiration, for each of the GCMs. Furthermore, observed stream
flow data from the Office of Public Works (available at
http://www.opw.ie/hydro/), and observed precipitation and temperature
data from Met Eireann, the Irish National Meteorological Service were
used.

CRR 7models selected

From among the large number of models that can be used for the
purpose of modelling flow in catchments, we selected the following four
conceptual rainfall runoff models:

a). TOPMODEL,; a variable contributing area physically-conceived semi-
distributed hydrological model. In TOPMODEL distributed predictions
of catchment response are made based on a simple theory of hydrological
similarity of points in a catchment. These points of hydrological similarity
are identified by an index that is derived from catchment topography.
TOPMODEL uses several assumptions to relate, in a simple way, the
down slope flow rate at each point and the discharge at the catchment
outlet which are as follows: (1) the water table is approximately parallel to
the topographic surface; (2) the saturated hydraulic conductivity falls off
exponentially with depth; and (3) the water table is recharged at a
spatially uniform, steady rate that is slow enough, relative to the response
timescale of the watershed, to allow the assumption of a water table
distribution that is always at equilibrium. These assumptions permit
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reconstruction of the spatial variability of catchment response to
meteorological forcing solely from modelling of the response of the
mean state. This quasi stochastic approach is at once computationally
efficient while still permitting dynamic representations of physical
processes within the system. Detailed descriptions of TOPMODEL and
its mathematical formulation can be found in Beven et al. (1995), and a
review of TOPMODEL applications can be found in Beven (1997). It is
referred as TOP hereafter interchangeably.

b). NAM; a conceptual lumped rainfall-runoff which was originally
developed at the Institute of Hydrodynamics and Hydraulic Engineering
at the Technical University of Denmark. The model has been applied in a
large number of engineering projects covering various climatic regimes.
The NAM model describes, in a simplified quantitative form, the
behaviour of the different phases of the hydrological cycle, accounting
for the water content in different mutually interrelated storages, namely
surface zone storage, the root-zone storage, and the groundwater storage.
The surface and interflow component of total runoff is routed through
two linear reservoirs and the base flow is routed using a single reservoir.
Each linear reservoir is characterized by a specific time constant. In the
present application, the nine most important parameters of the NAM
model were determined by calibration. The detail on the parameters and
more detailed information regarding the NAM model can be found in

Madsen (2000).

¢). The HYdrologic MODel (HYMOD); also a conceptual and lumped
model, was originally proposed by Boyle (2001) in order to address the
need for the development of models with complexity levels suitable for
capturing typical and commonly measured hydrologic fluxes. The
objective of HYMOD is to provide a research tool for scientific
evaluation purposes (e.g., Wagener et al., 2001; Vrugt et al., 2003).

d). The TANK model; a conceptual model comprised of four vertical
tanks with primary and secondary storage. For each basin, processes of
infiltration, unsaturated and saturated flow, and through flow, are
represented using a simple 'non-linear tank model' approach (Sugawara,
1995). A total of 15 parameters require to be estimated through model
calibration

Each of these models varies in the way they conceptualize the key
hydrological processes and in complexity, primarily related to the number
of parameters requiring calibration. Among the four selected models,
NAM and TANK describe the behaviour of each component of the
hydrological cycle at the catchments level by using a group of conceptual
elements. Conversely, TOPMODEL and HYMOD are both variable
contributing area models. In TOPMODEL the spatial variability is taken
into account through indices derived from topography whereas in
HYMOD, the model spatial variability within basin is modelled using a
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probability distribution function. All four models employ a single linear
reservoir to model groundwater.

Estimation of prediction uncertainty

In order to examine the role of model uncertainty in climate change
impact studies and include a full consideration of impact model
uncertainty, we explored two methods, namely the Generalized
Likelihood Uncertainty Estimation method (GLUE) and Bayesian Model
Averaging (BMA).

GLUE

In the GLUE framework a set of behavioural predictions are extracted
from the simulation based on the selected goodness-of-fit measure. The
most common goodness-of-fit measure is based on the sum of squared
errors (Eq. 1).

L6 | Y)=(1-0c/c,")" 1

0

where L.(0,] Y) is the likelihood measure for the /th model conditioned on

. 2 . . . .
the observations, Y, 0, is the error variance for the 7th model (i.e. the

. . . 2 .
combination of the model and the /th parameter set) and o, ~ is the

variance of the observations. The exponent N7 is an adjustable parameter
that sets the relative weightings of the better and worse solutions.

The GLUE scheme, which is widely used to account for parameter
uncertainty, is used to handle both parametrically and structurally
different plausible models. A desired number of behavioural predictions
from the entire selected hydrological models are ranked and likelihood
weighted to characterize the parameter as well as structural uncertainty
propagated through each of the hydrological models. As the number of
behavioural simulations are not equal among models, a desired number
of behavioural sets of model parameters should be sampled based on the
prior probability attached to a model i.e., random sampling of solutions
from behavioural sets in proportion to the prior model probability. As
this study assumes that all models are equally probable, only the #
numbers of behavioural solutions are randomly sampled from each
model. This number 7 is selected as the minimum of the number of
behavioural solutions among models, and the Nash-Sutcliffe efficiency
measure (N7 in Eq. 1) is used as an informal likelihood measure. Initially,
the threshold value of 0.6 was selected, which was fine-tuned for each
basin so that the prediction interval encapsulates as much observation as
possible, and maintains a good population of behavioural solutions.

The implementation of the GLUE method to estimate prediction

uncertainty associated with hydrological models can be expressed
through the following procedure;
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Step 1. Select K models that are structurally and/or parametrically
different and choose the ranges of model parameters for each model.

Step 2. Select the likelihood measure and the threshold to differentiate
between acceptable and unacceptable solutions.

Step 3. Run each of K sets of hydrological models with calibration data.
At each run, a parameter set is randomly drawn (e.g., using simple
random sampling, stratified random sampling etc.) from the range of the
model parameters assuming the parameter follows a uniform distribution
over its range.

Step 4. From the number of behavioural solutions of the i model (i.c.,
NB, where i=1, M), obtained for the specified threshold value, sample
randomly 7 number of behavioural solutions and repeat this for all
selected models. The likelihood of the accepted solution derived from the
set of K models is then rescaled so that their cumulative sum equals 1.
Consequently, this rescaled likelihood is used to assign weight to each
runoff prediction.

Step 5. Use the likelihood weights of the behavioural data set to assess
parameter sensitivity and to compute prediction limits on hydrographs
using:

P(Z, <z) =2 LL/©) Z,, <z] )

where IN is the number of behavioural models ie., K*z, P is the
prediction quantile, 6 is the i set of model parameters, Z, is the value of

the variable Z at time 7 simulated by the model f{#), and L is the
likelihood measure.

The uncertainty bounds estimated by GLUE have been found to be
sensitive to a number of factors such as the likelihood measure, and the
threshold values employed (e.g., Viola et al., 2009). The increase in the
value of N7 will put more weight to the best simulation, thereby
increasing the difference between good and bad solutions. Furthermore,
if the threshold value grows, the width of the uncertainty bounds and
percentage of data captured by prediction limits will decrease. Thus the
choice of the threshold value is important since it strongly influences the
size of the uncertainty bounds.

BMA

Bayesian Model Averaging provides a solution to the model selection
problem by accounting for uncertainty about model forms or
assumptions and by propagating this uncertainty to inferences about
quantities of interest. In the situation in which several models {f, ... f}
are theoretically possible, it is risky to base inference on the point
estimates from a single model f,. BMA allows us to account for this type
of uncertainty as the predictive distribution of the quantity of interest, as
shown in equation (3), is calculated as the average of the posterior
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predictive distribution of the quantity derived from each individual model
weighted by the corresponding posterior model probability.

PA| frs fis D) =ZP(A | fe- D)p(f, | D) 3)

The posterior model probability, p(f, | D), of model f, given the data, is
given by equation (4).

p(fe I DYaP(D | f)P(fy) 4)

where the constant of proportionality is chosen so that the posterior
model probabilities add up to one. The prior probability, P(f,), in Eqn. (4)
presents the preference of model f, before re-evaluation. Therefore, a
model with better performance in history will have a greater weight in
future application. Note that without any prior knowledge of model
preference, the prior probability is assumed to have a uniform
distribution among the N models. The quantity P (D| /) is the integrated
likelihood of model f,.

The posterior mean and variance of A are as follows:

EIA| fios fi D) = 2w, (%)

Var[A| fy.... f,, D)1= Y. (Var(A| D, f,) + A )w, —=E(A | DY’ (6)

k=1

where Ak = E(A| D, f,) (Raftery, 1993). Note that weight », has a value

only between 0 and 1. A larger value indicates more preference on the
prediction by model f,. In this application, the PDF from each model at
time 71is modelled by a gamma distribution with heteroscedastic variance.
At each time step, the chosen PDF is centred on the individual forecasts
with an associated variance that is heteroscedastic and directly depends
on the actual stream flow prediction. The BMA parameters i.e., BMA
weights and variances, were obtained from historical stream flow data
(1971-1990) using Markov Chain Monte Carlo (MCMC) sampling. In this
study, MCMC sampling was done with the Differential Evolution
Adaptive Metropolis (DREAM) algorithm developed by Vrugt et al
(2008).

The probabilistic predictions of daily streamflow were derived based on
each individual deterministic predictions obtained from each hydrological
model and their weight and variances. The procedures used in this study
to generate probabilistic predictions at each time step 7/ are briefly
described below.
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Step 1 Select K models that can be structurally or parametrically
different.

Step 2 Generate model prediction sets y,, (i =1,2,.N;k =1,2..K).

Step 3 Calculate weights w, and variance [ar, for each of the selected
models.

Step 4 Generate new model-based prediction ?using Eq. (5).
Step 5 Probabilistic predictions are maid using mean (»,) and variance
parameters (Var,) as follows:
— Select an individual competing model (f,) with probability
proportional to its weight.
— Sample from the probability distribution associated with the
output from each individual model.
— Repeat above two steps to sample a number of values that
represent the distribution of streamflow at time # and
subsequently derive the uncertainty interval.

The median predictions obtained from the GLUE method form the basis
for implementing the BMA here, thereby incorporating deterministic
predictions from four CRR models forced with observed rainfall data in
order to make probabilistic predictions. The BMA variance (Eq. 6),
which contains two components: the between-model-variance and the
within-model-variance, is essentially an uncertainty measure of the BMA
prediction. This measure is a better description of predictive uncertainty
than that which estimates uncertainty based only on the ensemble spread.
In BMA, the uncertainty in model parameter values can be regarded as
within-model uncertainty, and uncertainty in model choice can be
regarded as between model uncertainty. Because the focus of this study is
on the definition of uncertainty arising from a number of plausible
models and not on the model selection problem we did not attempt to
penalize the models depending upon the number of calibration
parameters. This could have been incorporated within the BMA
framework by assigning the prior probability of P(f), in Eq. (4) that
represents the preference of model f, instead of sampling it from a
uniform distribution.

Experiment Design

In order to evaluate the role of hydrological model uncertainty in relation
to the uncertainty envelope associated with the estimation of future
impacts on stream flow, the response of the catchments to input from
three GCMs forced with two scenarios, evaluated from four hydrological
models and their behavioural parameters sets was used. The results are
presented for three bench mark periods in the future; 2020-2029 (2020s),
2050-2059(2050s), and 2070-2079 (2070s). As it is difficult to attach
preference to one scenario over the other, both scenarios (i.e., A2 and
B2) were assumed equally likely. The predictions from the three GCMs
were weighted based on the Climate Prediction Index (Murphy et al.
2004) that reflects the ability of the GCM to reproduce observed climate
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data. This is done by multiplying the likelihood functions of the accepted
solution and then rescaling it, similar to a probability measure, in order to
make the cumulative sum equal to 1.Subsequently the simulated
uncertainties are apportioned and assessed as follows:

- HYDRO: the wuncertainty in future simulations due to
hydrological model structure and their parameters

- SCENE: the uncertainty in future simulations due to selection of
emission scenario

- GCM: the uncertainty in future simulations due to the selection of
climate models

- TOTAL: the total uncertainty in future simulations of stream flow
from all combined sources.

To examine the performance of the prediction intervals in capturing the
observed flows, an index defined as the ratio of the number of
observations falling within their respective prediction intervals, to the
total number of observations (hereafter referred as Count Efficiency),
and the average width of the prediction interval is used.

Concerning the application of BMA, the following four different
probabilistic predictions were made by combining: a) four median
predictions obtained from the selected four CRR models (referred to as
HYDRO) forced with the selected GCM and the scenario, b) eight
median predictions estimated from the four CRR models forced with
regional climate scenarios corresponding to A2 and B2 scenarios derived
from the selected GCM (referred to as SCENE), ¢) 12 median
predictions estimated from the four CRR models forced with regional
climate scenarios data derived from three GCMs (referred to as GCM
A2(B2)) d) 24 median predictions obtained from four CRR models
forced with six regional climate scenarios (referred to as TOTAL). In all
the experiment design, the BMA weight and variance parameters were
estimated from the calibration period (1971-2000). However, depending
upon the regional climate change scenario used, the BMA weight
parameters were suitably modified. In this study, the calibrated BMA
weight parameter was modified depending upon the ability of the GCM
to reproduce climate data at a more regional scale. Furthermore, both
scenarios were assumed equally likely in BMA i.e., the weight parameter
derived for each GCM is equally divided among A2 and B2 scenarios
such that the total weight sums to one.
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Results

Performance of GLUE and BM.A under observations

The hydrological discharge simulation is carried out at a daily time step
using the four conceptual models calibrated on observed data for the
period of 1971-1990 and validated using the period of 1991-2000. The
GLUE scheme was implemented to account for parametrically and
structural different hydrological models. The number of behavioural
predictions from each of the hydrological models was ranked and
likelihood weighted to describe the parameter as well as structural
uncertainty. Fig 2 (a-d) shows the prediction interval for the Boyne basin
(1981-1983) for each hydrological model.

Table 2 shows the median NSE, the Prediction Interval (PI) and Count
Efficiency (CE) for each model. It reveals that the PI and CE estimated
from one model on a particular basin is different from the PI estimated
on the same basin by a different model and on different basins. The
GLUE estimated PI, CE and number of behavioural simulations (NB)
for each individual model and basin depend on the threshold values. The
selections of threshold values were made based on a sensitivity analysis
where these measures, ie., PI, CE and the number of behavioural
simulation (NB), were estimated for different threshold values, namely
NSE of 0.3, 0.5, and 0.7. For all models the PI, CE and NB increased
with a decrease in value of the threshold and vice versa. However, the
rate of decrease of PI, CE, and NB are (5%, 15%, 40% respectively for
PI, CE and NB) much lesser when moving the threshold value from 0.3
to 0.5 than when moving it from 0.5 to 0.7 (25%, 37% and 73%
respectively for PI, CE and NB). In this study, the threshold value of 0.6
was selected for Boyne and Moy and 0.5 for Blackwater and Suck basin.

This is done so that the sufficient numbers of behavioural samples for
each model can be obtained and at the same time the benefit in terms of
improving the value of CE with decreasing threshold is small. Even with
the decreased threshold (0.3), the 90% confidence interval could not
encapsulate 90% of the observation data.

The PI showed a tendency to grow wider with increasing discharge and
with increasing variance in discharge. Moreover, it varied among
hydrological models. In general, the prediction interval estimated from
TOPMODEL and NAM are marginally smaller than the PI estimated
from HYMOD and TANK, with PI estimated from TANK being the
widest. It is interesting to note that the TANK model has the highest
number of parameters followed by NAM, HYMOD and TOPMODEL
respectively. Despite having fewer parameters, the PI estimated from
HYMOD is, in most instances, bigger than NAM.
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Figure 2 Prediction intervals for Bovne basin including median and
observed flow produced from; a) HYMOD , b) NAM, ¢) TANK, ) TOP
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Table 2 The performance of median prediction, the percentage of
observation encapsulated within the prediction interval (CE), and the

average width of the 90% prediction interval (PI) for each model during
the calibration and validation period
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Moreover, this comparison does not reveal any distinct relationship
between the number of calibration parameters and the prediction interval
or uncertainty in model prediction. For the Suck and Blackwater
catchments, the PI simulated by TOPMODEL only encapsulated 30% of
the observations, whereas the percentage of observations that are
encapsulated within the PI are higher for HYMOD and TANK. This
clearly indicates that the extent of uncertainty in prediction explained by
model parameterization alone varies among models. Though the Pls
estimated from different models show a general increase in count
efficiency with wider Pls, the increase in CE is not proportionate with
the increase in the PI, e.g., in the Boyne the PIs simulated by NAM and
TOPMODEL are very similar but there is an apparent difference in the
count efficiency for the PI resulting from these two models. Therefore,
these four models, which differ in their conceptualization of hydrological
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processes and their variability, produce apparently different simulations
and descriptions of the uncertainty in the prediction. Therefore, both
GLUE and BMA that weight model prediction based on model
likelihood are utilized to address the model uncertainty. Concerning the
application of BMA, the median prediction of the individual model
obtained from the GLUE scheme i.e., four individual time series of
prediction obtained from each hydrological model, is processed. The
probability density function from each model at any given time is
modelled by a gamma distribution with heteroscedastic variance. The
weight (Fig 3) and variance parameter of the BMA was estimated from 10
yrs of calibration data (1971-1981). The weight of HYMOD is apparently
higher than that of the other three models.

Figure 3 Weight parameters for Bavesian Model Averaging (BMA
estimated from calibration period (1971-1990

06 1 O Blackwater 00 Boyne 0O Moy @ Suck

0.5 - —
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0.1 - <li
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BMA Weights

Hydrological Models

Fig 4 (a) shows the daily 90% PI (the results for only a three year is
shown), derived using the GLUE, for the Boyne when all four models
and their behavioural parameter sets are taken into account. The width of
the prediction interval — expressed in terms of cumecs — increased when
different models are considered. In addition, the count efficiency of the
prediction interval improved when different model structures are
incorporated. Fig 4(b) shows the daily PI for the Boyne when the median
output from the all four CRR models are combined using BMA. The
prediction intervals estimated from GLUE are sharp as compared to
BMA. Furthermore, posterior model output, estimated from BMA is
more symmetrical than GLUE, which is skewed towards the lower
bound.
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Figure 4. Prediction interval for Boyne basin including median and
observed flow produced from Multimodal ensemble of four selected
models using a) Generalized Uncertainty Estimation Method (GLUE)
and b) Bayesian Model Averaging (BMA) for the selected period (1981-
1083)
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The Table 3 shows that the PIs estimated from GLUE are narrower than
the same obtained from BMA. Consequently, a larger proportion of
observation are encapsulated within the PI estimated from BMA than
from GLUE for the selected threshold value. Furthermore, the median
model performance obtained after processing different plausible
predictions through the BMA is better in terms of NSE than individual
predictions. The inadequacies of the prediction interval estimated from
GLUE in capturing the observations can be attributed to the subjectivity
involved in the selection of threshold values and likelihood measures.
The threshold value selected for implementation of GLUE will have
effect on the PI and subsequently on the capability of the PI to capture
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the observed runoffs. Apart from that, the percentage of runoff
observations bracketed by the prediction limits is still subject to a
number of factors that affect the rainfall-runoff modelling efficiency. In
addition, the uncertainty associated with the input data was not explicitly
accounted for in both methods.

Table 3. The performance of median prediction, the percentage of

observation encapsulated within the prediction interval (Count Efficiency
Le., CH), and the average spread of the 90% Prediction Interval (PI) for
each model during the calibration and validation period

NSE (median) CE PI (m3/s)
Sn Basin Scheme . . . . . .

Calib Valid Calib  Valid  Calib Valid
1 Moy 0.81 0.72 0.85 0.80 43.32 46.8
2 Boyne GLUE 0.80 0.78 0.90 0.92 31.8 33.4
3 Suck 0.79 0.69 0.74 0.70 19.2 20.9
4 Blackwater 0.66 0.74 0.68 0.76 36.52 37.32
4 Moy 0.90 0.79 0.97 0.92 64.03 66.76
5 Boyne BMA 0.80 0.75 0.96 0.96 44.67 48.26
6 Suck 0.82 0.76 0.96 0.93 30.90 32.19
7  Blackwater 0.73 0.76 0.91 0.93 78.10 80.90

Contribution of CRR models to the envelope of future simulations

Fig. 5 shows the uncertainty in model prediction, expressed in terms of
the Average Width of Prediction Interval (% of long term average flow)
(AWPI) arising from uncertainties associated with parameterization of
the hydrological model for the period from 1971 to 1990 and from 2050
to 2059, when forced with six regional climate scenarios. It reveals that
the prediction uncertainties arising from parameterization depends upon
the characteristics of CRR models, the regional climate scenarios and the
type of catchment. On average, the PI (%), expressed in terms of
observed flow, grew wider with time. The uncertainty in prediction for
the future time period is highest for the Boyne catchment and smallest
for the Blackwater, closely following the results obtained during model
calibration. The variation of uncertainty among basins is likely to arise
due to the variation in the applicability of CRR models and the variation
in physical parameters of a basin, which plays an important role in
characterizing the response of a basin to a given input. In the selected
basins, the PI (%) grew with a decrease in runoff coefficient and wetness
index. Both of which tend to increase the nonlinearity in the basins
response.
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Figure 5. Average width of the prediction interval simulated from
behavioural set of model parameters for four conceptual rainfall-runoff

models for the period 1971-1990 and 2050-2059
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Fig 6 illustrates the response of the Boyne basin simulated by the
behavioural parameter sets of four different hydrological models to
climate scenarios derived from HADCM3 for the A2 scenario. The
median estimates from the selected models are not significantly similar
(@= 90%, two tail) with the exception of the median estimate from TOP
and TANK. Consequently, the prediction intervals derived from GLUE
are wider in comparison to the estimates from each individual CRR
model.

Figure 6. The 90% prediction interval (shaded region) simulated by the
behavioural parameters sets of four hydrological models forced with

climate inputs from HADCM3 (A2) for two periods namely, 1971-1990
and 2050-2059 and median predictions from each individual hydrological
model (continuous lines) for Boyne catchment.

Month

(=2
wn
o
a
o
n
o
N
" T 3
o o c
N o >
- - 2
(soswn)) moyweans %
ro
4
r O
o L
o (%]
s
cg_ F <
$83_=
o =T ~
52232873 S
=] =9 =
2sn=<= €
c595%5 0 2
3] Zo L
£82xz6a -
S=2ITZ+-FO
‘ ‘ ) 72
F<<
L= 8
o
A
L <
(=]
-
S B e - g
O O O O O O O O O O o >
SO O ® Kk © O ¥ ™ N «— <)
- [i7]
(soawn)) mojweans I

309



Fig 6 shows the seasonal prediction interval for the period from 1971 to
1990 and from 2050 to 2059. The prediction interval was constructed
based on the behavioural predictions obtained from the models that were
ranked and likelihood weighted to produce upper 95%, lower 5% and
median 50% quantiles. For each basin, five different prediction intervals
were calculated depending upon the sources of uncertainty included in
the analysis. The ‘hydrological model’ scheme (referred as HYDRO
hereafter) is assumed to quantify the uncertainty in hydrological model,
the scheme ‘scenario’ (referred to as SCENE) is assumed to quantify the
uncertainty arising from the selection of scenarios along with
hydrological model, scheme GCM_A2 (GCM_B2) is assumed to quantify
the uncertainty in GCM along with Hydrological model and the scheme
‘TOTAL’ is assumed to define the full consideration of impact model
uncertainty.

Fig. 7 shows the average width of the PI expressed in terms of the
percentage of long term average flow for the three time periods, namely
2020s, 2050s and 2070s. The average width of the PI arising from
uncertainties associated with parameterization of CRR models is nearly
50% of the average flow and it increased, on average, to 70%, when
different CRR model structures are included. However, this does not
indicate that the role of hydrological model uncertainty is less than
parameter uncertainty as sources cannot be disintegrated as there is no
true value of model parameter or structure that can be estimated from
field measurements.

The width of prediction interval nearly equalled the average flow when
both scenarios are taken into account. It further grew to nearly 120% of
the average flow when three GCMs with A2 (B2) scenarios are
entertained, and nearly equalled to 140% of the average discharge when
the total uncertainty is incorporated. Similarly, the uncertainties arising
from the hydrological model varied among basin, climate scenario and
the selected GCM highlighting the importance of conducting impacts
assessment for individual catchments. In addition, the uncertainty derived
from the choice of GCM is greater than that derived from emission
scenario.

However, the full range of emission scenario and GCM sensitivities are
not sampled here and therefore results are only indicative, nonetheless
they agree with the majority of research reported to date (e.g. Wilby and
Harris, 2006; Prudhomme and Davies, 2007). The hydrological
uncertainty seems to be fairly constant for each future time period, but
the effect of GCM is apparently different among three time periods. Fig
8 shows the BMA estimates for five experiment design, namely for
HYDRO, SCENE, GCM A2 (B2), and TOTAL (averaged across basin)
for three time periods. The widths of the prediction interval (%)
estimated from BMA are higher than the same estimated from GLUE.
From the figure, it is apparent that the role of hydrological model
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uncertainty is considerable and warrants routine inclusion in impacts
assessment, particularly where robust adaptation decisions are required.

Figure 7. The uncertainty in prediction for a) 2020s, b) 2050s and c)
2070s arising from uncertainty in the hvdrological models (HYDRO),
uncertainty in the selection of scenario and HYDRO (SCENE),
uncertainty in the selection of Global Circulation Model (GCM) forced
with A2(B2) scenario and HYDRO (GCM (A2(B2)), uncertainty in the
selection of GCM, selection of scenario and uncertainty in hvdrological

models (TOTAL). The prediction uncertainty estimated from Bayesian
Model averaging (BMA) is also shown for the same time period.
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Figure 8. width of the Prediction interval (%), averaged across basin,
estimated from Generalized Likelihood Uncertainty Estimation method
GLUE) and Bayvesian Model Averaging (BMA) associated with various
sources of uncertainties.
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Similarly, Fig 9 shows the total uncertainty envelope derived from six
climate scenarios and four hydrological models for the four study basins
and each future time period using both GLUE and BMA. Although the
median prediction obtained from both GLUE and BMA are significantly
similar, the upper 95% and lower 5% prediction quantile estimated from
BMA are wider than the same estimated from GLUE.

As the suitability of application of any selected model and the extent of

nonlinearity in input output relationship differs among basins the
uncertainty in prediction associated with parameter uncertainty and
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selection of hydrological model is likely to be different among basin. The
runoff coefficient for the Boyne and Suck are markedly lower than the
Blackwater and Moy, and the nonlinear behaviours are common in basins
that have low runoff coefficients (e.g., Nemec and Schaake, 1982).

Figure 9. Total uncertainty envelope derived from six climate scenarios
and four hvdrological models for the four study basins and for three time
periods using Generalized Likelihood Uncertainty Estimation method
(GLUE) and Bayesian Model Averaging (BMA).
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Moreover, the Boyne is the driest basin among the four selected. The
physical characteristics of the basins, such as area, runoff coefficient and
wetness therefore play a key role in explaining the variation in the PI
among basins. The catchment characterized with largest catchment area,
lowest runoff coefficient and lowest wetness index resulted in the widest
prediction interval in all the five experiments designed in this study.
Owing to the limited number of basins used in this study, we do not
intend to make a regional relationship for the extrapolation of results
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beyond the basins used in this study. Further work is currently underway
in relation to this.

Figure 10 Percentage change in monthly streamflow, median perdiction
derived from hvdrological models forced with downscaled outut from

three global climate models, and two emission scenarios using
Generalized Likelvhood Uncertaity Estimation method, in the
Blackwater, Boyne, Moy and Suck catchments for three future time
periods, namely,2020s, 2050s and 2070s
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Fig 10 shows the percentage change in simulated monthly flow regime
for each future time period. For all the basins, there is a tendency of an
increase of flow in winter and decrease of flow in summer when moving
from the 2020s to the 2070s and similar decreases in summer discharges
as the century progresses, with associated implications for water
management.

Conclusion

There is a cascade of uncertainty in climate change impact assessment
that begins with the construction of future emission scenarios and ends
in impact assessment. This study addresses the uncertainty in the
projection of future water resources by incorporating four plausible yet
conceptually diverse CRR models, forced with regional climate scenarios,
using BMA and GLUE. In terms of the climate change signature there is
a tendency for an increase of flow in winter and a decrease of flow in
summer. As the magnitude of increases and decreases, as well as the
uncertainty from each source considered vary among the basins selected
it is critically important that a full impact assessment that accounts for
the full range of uncertainties (including CRR model parameter and
structure) be conducted where important decisions are required to adapt
to climate change.

The uncertainties derived from the use of behavioural model parameters
for each model is nearly 40% of the average river flow. The Prediction
Interval (PI) and Count Efficiency (CE) estimated from GLUE varied
among selected models and basins with no distinct relationship observed
between the number of calibration parameters and the prediction
interval. Furthermore, the 90% confidence prediction interval did not
encapsulate 90% of the observations. However, an improvement in the
reliability of the prediction interval was apparent when the uncertainty in
the selection of model structure was accounted for. The widths of the PI
obtained from BMA are wider than obtained by each model and
combination of entire models within the GLUE framework, for the
selected threshold values and likelihood measures. The smaller value of
the GLUE PI in comparison to BMA can be attributed to the selection
of a threshold value and likelihood measure. Furthermore, the GLUE
implemented in this study uses a simplistic MC sampling scheme to
sample parameters from their prior distributions. While this method is
adequate for simple models, complex models may require improved
sampling strategies (e.g., Blasone et al., 2008).

The same tool was further used to identify the role of the uncertainty in
the hydrological models in the overall uncertainty envelopes by utilizing six
scenarios derived from three GCMs forced by two of the SRES emission
scenarios representing and medium high (A2) and medium low (B2)
GHG evolution, to force each CRR model along with their behavioural
sets of model parameters identified during calibration. The uncertainties
derived from the use of behavioural model parameters for each individual
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model was nearly 50% of the average river flow. However, it increased to
70%, 100%, 120% and 140% respectively when uncertainty in CRR
model structure, emissions scenarios, GCM and total uncertainty were
accounted for.

This application therefore shows that hydrological model uncertainty has
a significant role in the uncertainty envelopes of future climate change
impacts and should be routinely considered in assessments, particularly
where adaptation decisions are required to be robust to uncertainty. In
addition to GLUE, BMA was also used to examine the uncertainties
associated with future estimation of streamflow at the catchment scale.
BMA probabilistic predictions were made by combining 24 median
predictions (from GLUE) obtained from six climate scenarios and four
hydrological models. BMA is found to be a useful approach for
application in climate change impact studies, allowing predictions from
different models forced with input from different scenarios and GCMs to
be combined in an efficient manner. Quantification of CRR uncertainty
(parameter and structure) using BMA resulted in an uncertainty band that
is apparently similar to the same estimated from GLUE. Cleatly, any
approach to modelling data that considers a set of competing models has
merit. In our application, there were clear differences in individual
predictions obtained from four models. Hence, use of BMA and or
GLUE is likely to add value to a prediction by helping in avoiding
predictions obtained with an inappropriate model and allowing a truer
sense of uncertainty to be incorporated into future simulations, thereby
increasing the information content available for decision making.
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