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Glossary

CosmoGrid Network of distributed computing resources in Ireland (see
www.CosmoGrid.ie).

ECHAM4 European Centre Hamburg Model Version 4. Global climate model
developed at the Max-Planck Institute for Meteorology in Hamburg,
Germany.

ECMWF European Centre for Medium-Range Weather Forecasting

ERA-40 Re-analysis project of the European Centre for Medium-Range Weather
Forecasting; archive of re-analysis data.

GCM General Circulation Model.

HBV Hydrological discharge model.

HOAPS Hamburg Ocean Atmosphere Parameters and Fluxes from Satellite Data.
A satellite-derived global climatology of freshwater flux (see
www.hoaps.zmaw.de), produced by the Meteorological Institute of the
University of Hamburg and the Max-Planck Institute for Meteorology in
Hamburg.

IPCC Intergovernmental Panel on Climate Change.

RCA Rossby Centre Atmospheric model. Regional climate model developed at
the Rossby Centre, the climate research unit at SMHI, Norrköping,
Sweden.

RCM Regional Climate Model.

SMHI Swedish Meteorological and Hydrological Institute.

SRES Special Report on Emissions Scenarios. The ECHAM4/OPYC3
simulation uses the SRES-B2 scenario, a scenario of moderately
increasing greenhouse gas concentrations, for the period 1990-2100. For
further details see www.grida.no/climate/ipcc/emission/095.htm.

SST Sea Surface Temperature.

T159 Refers to the resolution of the global ERA-40 data in spherical harmonic
format. Triangular truncation at wave number 159 corresponds to grid
point resolutions of approximately 1.125 degrees. ECHAM4 data have a
native horizontal resolution of approximately 2.8 degrees (T42).



UKCIP UK Climate Impacts Programme. Resource provides gridded observation
data for elements such as temperature and precipitation.
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1 Executive summary

The main achievement over the past 12 months has been the completion of a simulation of the future
Irish climate (2021-2060) using a regional climate model.

The results show a general warming in the future period with mean monthly temperatures increasing
typically between 1.25 and 1.5 degrees Celsius. The largest increases are seen in the south-east and
east, with the greatest warming occurring in July. For precipitation the most significant changes occur
in the months of June and December; June values show a decrease of about 10% compared with the
current climate, noticeably in the southern half of the country; December values show increases
ranging between 10% in the south-east and 25% in the north-west. There is also some evidence of an
increase in the frequency of extreme precipitation events (20 mm or more per day) in the north-west.

In a practical application of this new dataset a hydrological model was used to assess the impact of
climate change on river discharge and local flooding in the Suir catchment area. The increase in winter
precipitation was found to produce a significant increase in the more intense discharge episodes, raising
the risk of future flooding in the area.

In the future scenario the frequency of intense cyclones over the North Atlantic area in the vicinity of
Ireland is increased by about 15% compared with the current climate. This is probably related to the
general rise in sea surface temperatures. A 16-year sensitivity experiment provides further support and
suggests that a warming Atlantic will lead to more hurricanes, the remnants of which may impact on
European coastal areas.

As part of the climate model validation work a 40-year simulation of the past climate (1961-2000) was
also completed. The output data complement the archive of existing climate observations and, together
with the data for the future climate, greatly enhances the scope for climate research in Ireland.

The simulation of the future climate is driven at the boundaries by the output of a single general
circulation model (ECHAM4) with future greenhouse gas concentrations following the SRES-B2
scenario (i.e. moderately increasing concentrations). This is a first step in a more ambitious program to
run an ensemble of simulations, using different global driving data to quantify the uncertainty in the
climate projections.
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crude for the RCA to capture the essential features of very rapidly moving weather systems. Output
products from the simulation, delivered with a 3-hour frequency, are listed in Table 3.1.

Table 3.1: RCA output fields

3.2 Verification

To verify the outputs three data sources were exploited: UKCIP data, a dataset that includes monthly
averages of 2-metre temperature and monthly total precipitation, on a 5 km grid covering Ireland; the
Met Éireann climate archive, containing detailed information from the Irish synoptic and climate
stations; and satellite data from the HOAPS database. The ERA-40 re-analysis fields are also available.
For validation the simulation fields were either transformed to the UKCIP grid or spatially interpolated
to the locations of the stations.

Geopotential at surface, 150, 500, 850, 925 and 1000 hPa

Temperature at surface and 2 metres, and at 150, 500, 850, 925 and 1000 hPa

3-hour maximum and minimum surface and 2-metre temperature

2-metre dew-point temperature

Temperature at three depths

Wind at 10m, 60m, 150, 500, 850, 925 and 1000 hPa

Maximum (3-hour) 10m wind

Surface friction velocity

Relative humidity at 2 metres, and at 150, 500, 850, 925 and 1000 hPa

2-metre specific humidity

Mean sea level pressure

Total, large-scale and convective precipitation

Soil moisture at three depths

Water runoff at two depths

Total cloud cover

Vertically integrated cloud liquid water and water vapour

Cloud top temperature (infrared)

Cloud water reflectivity (visible)

Water vapour brightness temperature and correction for clouds

Freezing height

Planetary boundary layer height

Averaged surface sensible, latent and momentum heat flux

Averaged surface short-wave and long-wave radiation

Averaged upward and downward short-wave and long-wave radiation at surface and

top of atmosphere
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In this report only the essential validation results are presented; further information can be found on the
C4I web site (http://www.c4i.ie).

Verification results for Ireland, based on the Irish observational data and the UKCIP and ERA-40
fields, are presented in section 3.3. Section 3.4 discusses the validation over sea using satellite data
from the HOAPS database.

3.3 Validation over Ireland

3.3.1 Mean sea level pressure (MSLP)

Figure 3.2 shows the mean MSLP field over the model domain for the simulation period 1961-2000:
RCA-ERA-40 (a), ERA-40 (b), and the difference between RCA-ERA-40 and ERA-40 (c). Relative to
the reference ERA-40 data the large-scale circulation pattern is captured quite well by the model; there
is a slight negative bias centred over England but the maximum difference is within 0.5 hPa of the
ERA-40 values.

(a) RCA-ERA-40 MSLP (b) ERA-40 MSLP

(c) RCA-ERA-40 MSLP minus ERA-40 MSLP

Figure 3.2: Mean MSLP 1961-2000
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3.3.2 Temperature, radiation and cloud cover

Figure 3.3 shows the validation results for the average January 2-metre temperature from 1961-2000:
ERA-40 re-analysis data (a) and differences relative to UKCIP (b); RCA-ERA-40 (c) and differences
relative to UKCIP (d). The model is in much better agreement with the observed temperatures (i.e.
UKCIP) compared to the ERA-40 data. The main errors for the model occur around the coast and in
some mountainous areas but overall are small (areas marked in white are within 0.25C of
observations). The errors near the coast could be due to a lack of observational data and a consequent
poor interpolation for the UKCIP data; those in mountainous areas could be partially attributed to the
relatively crude (0.12°) representation of the orography by the model. Results for other months are very
similar.

(a) ERA-40 1961-2000 (b) ERA-40 minus UKCIP

(c) RCA-ERA-40 1961-2000 (d) RCA-ERA-40 minus UKCIP

Figure 3.3: Average January 2-metre temperature
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Figure 3.4 shows the yearly 2-metre temperature time-series for Valentia from 1961-2000. The inter-
annual variability is captured well by the model, as are the longer-term trends. The 5-year running
average values, plotted in bold, show an increase in temperature up to 1975, followed by a cooling to
1986, and a marked increase towards the end of the century.

Figure 3.4: Yearly 2-metre temperature time-series Valentia observatory 1961-2000. Observed (blue),
RCA-ERA-40(green), 5-year running average in bold.

(a) Short-wave radiation

(b) Cloud cover

Figure 3.5: Yearly time-series for Valentia observatory 1961-2000. Observed (blue),
RCA-ERA-40(green), 5-year running average in bold.

The yearly time-series of short-wave radiation at the surface and total cloud cover are also shown
(Figure 3.5). In the case of the radiation the model values are systematically too high compared to the
observations and while the patterns in the 5-year running average values are broadly similar, the model
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3.3.3 Precipitation

Sample results for the average monthly precipitation for the representative months January and April
are shown in Figure 3.7. The plot for January shows that rainfall in the midlands is overestimated by
about 20%. This is probably due to the model producing too many light precipitation events but it
should also be noted that the observations generally underestimate rainfall amounts, particularly in
windy conditions. In contrast, there is too little rain in mountainous areas, where the model
underestimates rainfall by up to 15%. This could be partly due to an insufficient representation of the
orography at the 0.12 degrees resolution of the model.

Agreement between the model and observations is better in April, a drier month, but the relative error
is still similar, at about 20%. Overall, there is an overestimation of rainfall, again probably due to the
model producing too many low precipitation events. Agreement in mountainous areas is better,
however, suggesting that only the heavy rainfall over the mountains is difficult to simulate.

(a) RCA-ERA-40, January (b) RCA-ERA-40 minus UKCIP, January

(c) RCA-ERA-40, April (d) RCA-ERA-40 minus UKCIP, April

Figure 3.7: Average monthly 1961-2000 precipitation. (a) RCA-ERA-40, January (b)
RCA-ERA-40 minus UKCIP, January (c) RCA-ERA-40, April (d) RCA-ERA-40 minus

UKCIP, April
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The yearly precipitation time-series plot for Belmullet (Figure 3.8) shows that the inter-annual
variability and time trend are well reproduced. The model shows a consistent positive bias, as was seen
in the monthly plots over Ireland discussed above.

Figure 3.8: Yearly precipitation time-series for Belmullet from 1961-2000. Observed (blue), RCA-ERA-
40(green), 5-year running average in bold.

The number of dry days per year (< 0.2 mm) for Belmullet is plotted in Figure 3.9a. The marked bias of
the model to over-predict small amounts of rain is clearly seen in the data. However, both the model
and observations show that the number of dry days has not changed much over the simulation period.
The annual number of days with heavy rainfall (24-hour total exceeding 20.0 mm) is shown for
Belmullet in Figure 3.9b. Here, the model is in better agreement with observations, with both showing
an initial decrease in the 60s, followed by an increasing trend. A more detailed analysis of the
simulated precipitation data is presented in section 4.

(a)

(b)
Figure 3.9: Yearly time-series for Belmullet, 1961-2000, (a) number of dry days (< 0.2 mm), (b)

number of heavy rainfall days (> 20.0 mm). Observed (blue), RCA-ERA-40(green), 5-year running
average in bold.
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3.3.4 Wind

Figure 3.10 shows the yearly 10-metre wind speed for Belmullet. The peaks and troughs in wind values
from year to year are captured well by the model, although the model winds are generally stronger than
the observed values. For other stations the results are similar but the systematic differences vary from
station to station.

Figure 3.10: Yearly 10-metre wind speed time-series for Belmullet from 1961-2000. Observed (blue),
RCA-ERA-40(green), 5-year running average in bold.

3.4 Validation over the ocean

Because of the influence of the sea on the Irish climate it is important to include the sea areas in the
model validation. However, compared with land areas, surface observations (mainly reports from ships
and buoys) are not plentiful and data quality is also a significant issue. Fortunately, the HOAPS dataset
can be used to supplement the surface observations. Derived from satellite measurements it has an
extensive set of meteorological parameters important for the water and energy budget.

The following products generated from the last decade of the 40-year RCA simulation (1991-2000)
were validated using this database: the vertically integrated water vapour, 10-metre wind speed, net
long-wave radiation and the sensible and latent heat fluxes. As an additional check the vertically
integrated water vapour was compared against the ERA-40 data as this parameter is assimilated from
observations in the re-analyses.

The spatial distribution of the vertically integrated water vapour is very similar in all three datasets
(Figure 3.11). However, particularly in the summer months, the water vapour content is slightly higher
in ERA-40 and RCA compared to HOAPS. The RCA bias is not unexpected as the model humidity is
driven by the ERA-40 data. The slight overestimation in summer might explain the overestimation of
precipitation in this season.



15

The spatial distribution of the 10-metre wind speed shows a good agreement between RCA and
HOAPS (Figure 3.12). However, the speed is systematically underestimated by 3 to 4 ms-1 in winter
and 2 ms-1 in summer. A scatter plot of the RCA simulated wind speed and the observed data from the
K2 ocean buoy at 51° N, 13.3° W shows that the RCA winds have a small systematic positive bias but
otherwise the fit is quite reasonable over the range of speeds encountered (Figure 3.13). This is slightly
at odds with the HOAPS data which suggests that the model wind speeds are underestimated. The
discrepancy may be explained by the fact that the ocean buoy measures the wind speed at a height of 3
metres instead of at the standard height of 10 metres i.e. observed values are a little too low. However,
it is difficult to draw general conclusions from a single site. The accuracy of the satellite derived 10-
metre wind speed is given as 1.4 ms-1 (Schulz et al.) and hence does not explain the difference.

The latent heat fluxes (Figure 3.14) are very well represented in our model simulation. The differences
(slightly stronger negative heat fluxes in RCA compared to HOAPS) are within the uncertainties of the
satellite data. Also the net long-wave radiation is well simulated. It is a little less negative than in
HOAPS (Figure 3.15), which might be connected to the slightly overestimated water vapour content.

(a) (b) (c)

(d) (e) (f)
Figure 3.11: Vertically integrated water vapour [kg/m2] as decadal monthly means for January 1991-

2000 from (a) HOAPS, (b) ERA-40 and (c) RCA. (d) to (f) corresponding to (a) to (c) but for July 1991-
2000.
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(a) (b)

(c) (d)

Figure 3.12: 10 m wind speed [ms-1] as decadal monthly means for January 1991-2000
from (a) HOAPS and (b) RCA. (c) and (d) corresponding to (a) and (b) but for July 1991-

2000.

Figure 3.13: Scatter plot of the observed wind speed from ocean buoy 62081 (51° N, 13.3° W) for
December 1991 to December 2000 compared to RCA. Buoy measurements are at a height of 3 m
whereas the RCA output is at a height of 10 m (results interpolated to the location of the buoy).

The red line indicates the linear least-squares fit.
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(a) (b)

(c) (d)

Figure 3.14: Latent heat flux [wm-2] as decadal monthly means for January 1991-2000 from (a)
HOAPS and (b) RCA. (c) and (d) corresponding to (a) and (b) but for July 1991-2000.
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(a) (b)

(c) (d)
Figure 3.15: Net long-wave radiation [Wm-2] as decadal monthly means for January 1991-2000 from

(a) HOAPS and (b) RCA. (c) and (d) corresponding to (a) and (b) but for July 1991-2000.

3.5 Conclusions

The validation results confirm that the RCA is able to capture the essential features of the Irish climate.
While there is evidence of systematic errors in the simulation of some weather elements, they are not
regarded as serious enough to compromise the ability of the model to simulate the future climate. Some
of the errors revealed in the validation run may be related to errors in the ERA-40 driving data.
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The pressure distribution over the North Atlantic Ocean, which can be characterized by the North
Atlantic Oscillation Index (NAO), influences the strength of the surface westerly flow (Rogers, 1985).
The link between the NAO and precipitation over Europe has been investigated in many previous
studies (Rex, 1951; Namias, 1964; Moses, 1987; Wilby, 1997; Davies, 1997). Also, the evaluation of
the atmospheric moisture budget reveals coherent large-scale changes since 1980 (Hurrell, 1995). Kiely
(1998, 1999) studied the changing precipitation climate in Ireland and identified 1975 as a significant
year (coinciding with the evolution of the NAO): after 1975 the mean precipitation increased as well as
the number of extreme precipitation events. The most pronounced increase in the number of extreme
precipitation events occurred in August, September and October. In the monthly mean precipitation
there are abrupt increases in March and October after 1975. Investigations of precipitation variations in
Ireland in the decades after 1970 were also carried out by McElwain and Sweeney (2003). They studied
the recent trends in temperature and precipitation using Irish observation data. The analysis of the
precipitation changes supports the findings of the United Kingdom Climate Impacts Programme
(UKCIP) with evidence of a trend towards a winter increase in the north-west of the country and
summer decreases in the south-east. In general, the changes are consistent with the summary in the
IPCC report (Houghton, 2001) that precipitation amounts have increased by 0.5 -1% every decade in
the mid/high latitudes of the Northern Hemisphere in the 20th century.

Using a climate model to analyse the Irish climate presents its own problems. Although major progress
has been achieved in simulating the climate with global and regional climate models, some
inadequacies, especially regarding the intensity of extreme events, still remain. Analysis of the
Atmospheric Model Intercomparison Project (AMIP) decadal simulations over the United States and
the adjoining oceans show, for example, that in general the models have less interannual variation
compared with the observations, with more variance being explained by the leading (annual cycle) PC,
whereas the observations show a less peaked spectrum (Boyle, 1998). Because of the relatively coarse
resolution of GCM models some local processes cannot be simulated and only the leading PC is well
captured. Gutowski (2003) analysed ten years of a regional climate simulation over the central U.S.
region and found that the model showed less spread compared with the observations in its pattern of
spatial correlation versus distance from an anchor station, suggesting that resolved model circulation
patterns producing 6-hourly precipitation data are limited in the range of precipitation patterns they can
produce compared to the real world. The correlation also indicated that replicating observed
precipitation intensity distribution for 6-hour accumulation periods requires a grid spacing smaller than
about 15 km, suggesting that models with a grid spacing substantially larger than this will be unable to
simulate the observed diurnal cycle of precipitation.

Because of the strong spatial and temporal variability of precipitation, it is a challenging task even for a
regional climate model to reproduce precipitation that matches the observations, especially the intensity
of extreme precipitation. The purpose of this paper is to study the quality of the precipitation
simulations produced by a high resolution regional climate model and, in particular, the annual and
interannual variability of the modeled precipitation over Ireland.
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4.2 Experiment design and analysis procedure

4.2.1 Model setup and datasets

The RCM used in this study is the Rossby Centre Regional Atmospheric Model (RCA) developed from
the High Resolution Limited Area Model (HIRLAM). A brief introduction of RCA is given by Jones
(2001). The model domain that was used is shown in Figure 3.1, section 3.1. The model was run with a
horizontal resolution of approximately 13 km with 40 vertical levels and a time integration step of 540
seconds. The integration period extended from 1 January 1959 to 31 December 2000. The ERA-40 re-
analysis data (available at 00, 06, 12 and 18 UTC each day) were used as driving data. In this study,
simulated monthly precipitation values were evaluated against gridded observation data for Ireland
from the United Kingdom Climate Impacts Program (UKCIP) for the time period 1961 to 2000. These
observation data are available on a grid with a horizontal resolution of 5 km. Monthly and annual
precipitation anomalies were calculated for both the simulation and the observations for the whole time
series. For the REOF analysis, the anomalies were normalized by the corresponding standard deviation.

4.2.2 Analysis procedure

4.2.2.1 REOF analysis

Empirical orthogonal functions (EOF) and principle component analysis (PCA) are widely used to
study the spatial pattern of various meteorological parameters. Because of the large spatial variability
of rainfall over Ireland it is difficult to obtain the local modes using EOF or PCA. Therefore, the
varimax-rotated empirical orthogonal function (REOF) method was used. This means that the initial
EOF modes were linearly transformed using the varimax method, which maximizes the variance of the
squared correlation coefficient between the time series of each REOF mode and each original EOF
mode. The method increases the spatial variability of the obtained modes. Therefore, the significant
anomalies appear where regional phenomena are dominant, which makes the mode easier to interpret
(Horel, 1981; Richman, 1986; Jolliffe, 1987; Richaman, 1987; Kawamura, 1994; Chen, 2003).

The REOF method was used to study the spatial patterns of the precipitation anomalies both from the
observations and model simulation. For the calculation of the covariance matrix only land grid points
were used. Apart from the normal method, where the spatial pattern shows the climatic characteristics
of the precipitation anomaly distribution, the so-called nonstandard method was used: the spatial field
is used as the time function, while the time series is considered to be the spatial field, and therefore the
eigenvectors show the time evolution of the precipitation over the whole country. For the nonstandard
method the original data were used.

4.2.2.2 Wavelet analysis

Wavelet analysis is a common tool for analyzing localized variations of a time series. The results show
the dominant modes of variability and its variations in time (Torrence, 1998). In this paper a Morlet
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wavelet was used as the wavelet mother function to study the period of the REOF time coefficient
series:

0 x
1
4ei 0 x e x2 2 (1)

where 0 is the non-dimensional frequency. The continuous wavelet transform of a continuous time

series is defined as the convolution of f(x) with a scaled and translated version of 0 x

W a,b
1
a

f x
x b

a
dx (2)

where a is the dilate scale, b is the localized time index. In order to evaluate the energy distribution of
the wavelet, the energy density is calculated in the following form:

E a,b
1

C

Wab f 2

a2 (3)

where

C
1

2

x 2

d 2 (4)

4.3 Results

4.3.1 The spatial pattern of annual and monthly anomalies

First, we examine the annual anomalies from the observed data to compare them to the simulation data.
The two leading PCs separately account for 35.2% and 29.4% of the total variance. In the case of the
first leading PC (Figure 4.1a), the anomalies are positive except for some small patches along the east
and south-east coasts. The largest positive values are located in the north-west and west regions. This is
different from the mean annual precipitation distribution shown in Figure 4.1c. In the second PC
distribution (not shown), the largest positive anomaly value is located in the north-west of the country,
with negative values elsewhere, especially in the south-east. This pattern is likely to be more
pronounced in later data according to McElwain's (2003) analysis of Malin Head (north coast)
precipitation data which shows an increasing trend from the late 1970s, possibly connected with the
evolution of the NAO index. The third spatial pattern shows a negative anomaly over the whole of
Ireland with the largest negative value located over the north-east of the country. The fourth and fifth
spatial patterns explain very little of the variance; more than 80% is explained by the first three
eigenvectors.

Figure 4.1b shows the first leading component from the simulation data and should be compared with
Figure 4.1a; the first two component patterns now explain 37.4% and 36.5% of the variance. The
distributions for the first patterns are very similar but the highest value is a little weaker in the
simulation. Comparing the second component, the pattern is different and the simulation shows a
positive anomaly over the whole country. The comparison shows that the model can simulate the



24

leading regional spatial pattern of the precipitation anomaly quite well; agreement is good for the
leading PC but becomes increasingly poor for higher PCs.

In the climatological mean values for Ireland, precipitation is subject to seasonal variation although
spatial distribution details (location of maxima and minima) are relatively stable (Keane and Collins,
2004). However, local differences in the spatial distribution between individual months must not be
overlooked. The first three principal components of simulated precipitation of each month are
compared to the observed ones for the 40 year period. For January and October (Figures 4.2 and 4.5)
the first two leading components of the simulation show similar spatial patterns compared to those
from the observation analysis. The largest positive anomaly values are located in the north-west and
south-east of the country in the first and second leading PCs, respectively. The first PC is particularly
similar to the annual spatial precipitation pattern (Figure 4.1a); its distribution reveals strong gradients
with high values in the north-west of the country and lower values in the south-east. In contrast, the
summer spatial patterns differ more from the annual spatial patterns, and agreement is poor between the
observation and simulation analyses. An exception is the month of August, where the first two leading
PCs are captured very well (not shown). In other summer months (April to July), only one PC is
captured. In April (Figure 4.3), the first and third PCs of the observation data correspond to the first
and second PCs of the simulation analysis. The agreement for the first pattern shows some deviation.
For July (Figure 4.4) the situation is similar. The third PC of the simulation corresponds to the second
PC of the observation analysis. In this case the agreement for the first pattern is even worse compared
to April. For other months (February, March, May, June, September, November and December), the
first leading PC is captured well, while higher PCs are not captured.
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(a) (b)

(c) (d)
Figure 4.1: Leading PC for the observed (a) and simulated (b) annual

precipitation data and the annual average precipitation (c) observation (d)
simulation for 1961-2000
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(a) (b)

(c) (d)
Figure 4.2: The leading PCs from the observation (a,b) and simulation

(c,d) analyses in January
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(a) (b)

(c) (d)
Figure 4.3: The leading PCs from the observation (a,b) and simulation (c,d) analyses in April
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(c) (d)
Figure 4.4: The leading PCs from the observation (a,b) and simulation (c,d) analyses in July
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(a) (b)

(c) (d)
Figure 4.5: The leading PCs from the observation (a,b) and simulation (c,d) analyses in October

For most months the simulation captures the spatial characteristics of the precipitation pattern at least
for the leading PC. Generally the simulation agrees better with the observation analysis in the wet
winter season compared to the dry summer season. In the observation data there is a fast transit from
the wet to the dry season in spring, which is too slow in the simulation. Also, in autumn the transition
from the dry to the wet season is slower in the simulation than in the observations. The simulated
spatial pattern of November is very different from the observed one and is very similar to the simulated
October pattern.
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Figure 4.6 is a bar chart of the percent variance explained by the leading PC for different months and
the annual average. In the dry season the variance explained by the first principal component is much
smaller than in the wet season. The difference between winter and summer is larger in the observation
analysis compared to the simulation analysis. Thus in summer there is more spatial variability in the
observation analysis compared to the simulation analysis. A reason for this could be the occurrence of
more convective precipitation in the summer months compared to the winter months.

Figure 4.6: Bar chart of the percent variance explained by the leading components for the observation
(red) and simulation (blue); months are numbered 1-12, with the annual data labeled as number 13.

In general the model has a less pronounced seasonal cycle in the spatial variability than the
observations; it leads to a worse agreement in the summer months, where the spatial variability is larger
in the observation analysis compared to the simulation analysis. This might also result in a worse
agreement between the observation and simulation analyses of the leading PCs in the summer months
compared to the winter months.

4.3.2 Spatial pattern evolution

The analysis of the monthly and annual precipitation shows that the model can capture the leading PC
in most cases. To study the time evolution of the monthly data the nonstandard REOF is used. In order
to see the trend more clearly the eigenvector series are smoothed using a one year moving average
process. For the first and second PCs of the observation and simulation data the evolution of the
precipitation over Ireland shows two major patterns.

In the first PC the high precipitation center is located in the south and south-west of the country
(Figures 4.7a and 4.7c), with good agreement between the simulation and observation data although the
simulation data tend to have more precipitation over the country on average. The simulation values are
a little weaker than the ones from the observations in the south-western rainfall maximum, while in the
midlands, the simulated rainfall is a little stronger.
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Before 1975, the precipitation amount of the first PC is relatively small, except for a few peak values
(Figure 4.8a). After 1975, the precipitation amount from this PC is generally higher than before 1975
and shows a pronounced decadal variability. The first PC explains 43.3% and 42.4% of the variance for
the observation and simulation data, respectively. Because the area of the midlands, where the
precipitation is slightly overestimated, is larger than the area of the slightly underestimated
precipitation maximum in the south-west (Figures 4.7a and 4.7b), the simulated data eigenvector is
stronger compared with the observation analysis for the whole time period.

(a) (b)

(c) (d)
Figure 4.7: The first and second PC of observation (a,b) and simulation (c,d) for 1961-2000
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(a)

(b)
Figure 4.8: The first (a) and second (b) eigenvector of observed (red) and simulated (blue)

precipitation (one year moving average) in mm/month

The second pattern explains 41.2% and 40.9% of the variance for the observation and simulation data
respectively, with the precipitation maxima located in the west and north-west of the country (Figures
4.7b and 4.7d). In general the simulation data show the same deficiencies as in the first pattern: the
simulated precipitation maxima are less pronounced than in the observation analysis. However, the
time evolution of the second pattern is different from the first pattern (Figure 4.8b). Before 1975 it is
still similar, while after 1975 the time series shows a stable increasing trend in the observation and
simulation analysis.

Because the first two PCs that explain more than 80% of the variance show comparably low values for
the time period before 1975, the precipitation is comparably low in this time period over the whole
country. The increase in the average intensity as well as in the variability of the first PC with its
precipitation maximum in the south-west after 1975 is consistent with Kiely's (1999) research.
According to the second PC the precipitation shows a gradual increase in the west and north-west after
1975.

A more detailed frequency analysis of the first two eigenvectors would shed further light on the time
evolution of the two major precipitation patterns. Unfortunately, the unsmoothed data (not shown) are
very noisy and therefore a maximum entropy method (MEM) was used to identify the dominant
frequencies. Here the singular spectrum analysis method (SSA) was used to analyze the original series.
The 4 leading oscillatory components were used to reconstruct the time series, providing a smoothed
series that can be used to identify trends in the precipitation (Ghil, 2000, Dettinger, 1995). Figure 4.9
shows the results of the MEM analysis of the reconstructed time series of the observations and the
simulation. There are two major frequencies. One has a period of about 4 months, reflecting the
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seasonal variation, while the other has a period of about one year. Both frequencies are detectable in
the observation and simulation data. Although the spatial patterns are different between the first and
second PC, the frequency analysis is similar. These two periods characterize quite well the evolution of
precipitation over time.

gg

Figure 4.9: Results of the MEM analysis of the reconstructed first eigenvector series
Abscissa: frequency (month-1)

Since the major spatial distribution shows two periods, the question is which period is dominant? To
answer this question a wavelet analysis was used to study the same time series. Comparing the energy
density evolution of the first PC, the annual period is strongest both for the observation (Figure 4.10a)
and simulation data (Figure 4.10b), with the seasonal period energy relatively weak.

(a)

(b)
Figure 4.10: The energy density evolution of the first eigenvector from (a) observation and

(b) simulation (ordinate: period in month)
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(a)

(b)
Figure 4.11: The energy density evolution of the second eigenvector from (a) observation

and (b) simulation (ordinate: period in month)

Note that there is good agreement between the time evolutions for both sets of data. The dominant
annual period is also evident in the energy density analysis of the second eigenvector (Figures 4.11a
and 4.11b), but the time evolution is different. From about 1975, in contrast to the first eigenvector,
there is a continuously strong energy density (Figure 4.11a) in the observation analysis, which is
however not as continuous in the simulation analysis.

4.4 Discussion and conclusions

The REOF method was used to analyse the annual and interannual variability of the precipitation
patterns over Ireland as simulated by a high resolution regional climate model.

Although the precipitation does not show a pronounced seasonal cycle, the local variation of the spatial
distribution is very obvious. The annual and monthly precipitation analysis results show that the model
can capture the leading spatial pattern in most months. However, the simulation shows a stronger signal
in the leading PC and tends to have a less pronounced seasonal cycle compared to the observations.
The transit from the wet winter to the dry summer season and from the dry to the wet season is too
slow in the model simulation. In summertime the precipitation amounts are overestimated in our
simulation (Figure 4.12). The orographically induced precipitation maxima are underestimated in the
simulation, while the precipitation in the Irish Midlands is overestimated.
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Figure 4.12: Observed (red) and simulated (blue) average rainfall over Ireland in mm/month

The time evolution of the leading spatial patterns of the original rainfall analysis shows two major
patterns of the precipitation distribution for Ireland. In one pattern, the precipitation maximum is
located in the south-west of Ireland. The evolution of this pattern shows a strong decadal variability,
which is very well simulated by the model. The time evolution of the second pattern, linked to
precipitation maxima in the west and north-west of Ireland, shows a strong continuously increasing
trend, even if the simulation slightly underestimates this trend. Both of the patterns have a seasonal and
an annual period. The wavelet energy density analysis shows that the annual period is dominant.
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(a) January RCA-P (b) January RCA-P minus January UKCIP

(c) July RCA-P (d) July RCA-P minus July UKCIP

Figure 5.3: January and July monthly average 2-metre temperature for 1961-2000

The results reflect poorly on the ability of the ECHAM4 data to capture the essential features of the
Irish climate. However, the importance of the simulations is not in reproducing the present climate, but
rather in providing a reference dataset for evaluating trends in the future climate.

Figure 5.4 compares the past (1961-2000) and future (2021-2060) ECHAM4-driven simulations. It can
be seen that the average January temperatures over Ireland have increased between these two periods
by about 1.25º (Figure 5.4b), with the largest increase in the south-east and east. The average July
temperatures have increased even more, by about 1.50ºC (Figure 5.4d), again with the largest increase
in the south and south-east.
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Figure 5.7: Yearly time-series of cloud cover at Valentia observatory. 1961-2000 Observed (blue),
1961-2000 RCA-P (purple), 2021-2060 RCA-F (red), 5-year running averages in bold.

5.2.4 Precipitation

June and December show the largest changes in average monthly precipitation between RCA-P and
RCA-F, as shown in Figure 5.8. Over most of the southern half of the country, as well as in
mountainous areas in the west and north, the June monthly rainfall amounts in the future simulation are
over 10% lower than those in the 1961-2000 reference period. It is the only month which is
significantly drier compared to the reference period. March, July and August are largely unchanged but
all other months show overall increases in precipitation. December shows the largest increase with
changes ranging from around 10% in the south-east, to 25% in the north-west (Figure 5.8d).
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(a) June RCA-F (b) June RCA-F minus June RCA-P

(c) December RCA-F (d) December RCA-F minus December RCA-P

Figure 5.8: June and December monthly rainfall accumulation for 2021-2060, and differences with
RCA-P (1961-2000)

The yearly rainfall time-series for Belmullet is shown in Figure 5.9. The RCA-P simulation (purple)
produces higher rainfall values than those observed (blue), showing that the ECHAM4 climate for the
period 1961-2000 is too wet. The precipitation results for the RCA-F period (red) show an increase in
rainfall amounts for most years compared to the RCA-P reference simulation. With 5-year running
average values RCA-F shows higher rainfall amounts for almost all years compared with RCA-P. The
variability in the trend of the future precipitation is not as large as that for RCA-P, showing that higher
annual rainfall amounts occur more consistently in the future than in the present climate.
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Figure 5.9: Yearly rainfall time-series for Belmullet. 1961-2000 Observed (blue), 1961-2000 RCA-P
(purple), 2021-2060 RCA-F (red), 5-year running averages in bold.

The number of dry days per year (< 0.2 mm) for Belmullet is shown in Figure 5.10a. As in the case of
the validation run (Section 3) the model produces small amounts of rain too frequently, resulting in
fewer dry days. Compared with the reference period the number of dry days in the future simulation is
similar.

(a)

(b)
Figure 5.10: Yearly time-series for Belmullet: (a) number of dry days (< 0.2 mm), (b) number of heavy
rainfall days (> 20.0 mm). Observed (blue), RCA-P (purple), RCA-F (red), 5-year running average in

bold.
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The frequency of heavy precipitation (> 20 mm) days per year is shown for Belmullet in Figure 5.10b.
For the reference period the model over-predicts the frequency of such events. This is quite likely
related to the more pronounced westerly flow in the ECHAM4 data which may give rise to a moister
atmosphere with increased precipitation. The average number of heavy rainfall days seems to have
increased in the RCA-F results although both periods remain within the range of 4 to 26 days per year.

5.2.5 10-metre wind

Analysis of the 10-metre winds revealed a deficiency in the model post-processing of the winds. Winds
are currently being recalculated using winds from the lowest model levels. Results for the ECHAM4
simulations will be made available on the C4I web site http://www.c4i.ie.

5.3 Conclusions

Projections for the future Irish climate have been generated using the RCA model to downscale
ECHAM4 GCM data. Simulations were run for a reference period 1961-2000 and a future period 2021-
2060; differences between the periods provide a measure of expected climate change.

Results show a general warming in the future climate with mean monthly temperatures increasing
typically between 1.25 and 1.5 degrees. The largest increases are seen in the south-east and east, with
the greatest warming occurring in July. For precipitation the most significant changes occur in the
months of June and December. June values show a decrease of about 10%, noticeably in the southern
half of the country. March, July and August are largely unchanged but all other months show overall
increases. December values show increases ranging between 10% in the south-east and 25% in the
north-west. There is also some evidence of an increase in the frequency of extreme precipitation events
(20 mm or more per day) in the north-west. For cloud cover and short-wave radiation the signals are
more mixed with no obvious trends in the future. However, the results need to be treated cautiously as
the ECHAM4 model has a static aerosol representation and the RCA downscaling does not capture the
decreasing trend in short-wave radiation, possibly linked to increasing aerosol concentrations, seen in
the past climate at stations such as Valentia.
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6 The impact of climate change on river flooding under different
climate scenarios

Application of the HBV model to the Suir catchment area shows that the hydrological model is capable of capturing the
local variability of river discharge with reasonable accuracy when driven by observations (calibration) or high resolution
ERA-40 driven RCA simulation output (validation). In both cases the same model parameters were used in the HBV model.

Using ECHAM4 driven RCA simulation data for the future period (2021-2060) the hydrological model shows a significant
increase in the more intense discharge episodes, a pattern that is also shown in the return values of extreme discharge.

6.1 Introduction

The IPCC has stated that mean surface temperatures may rise 0.3-0.6°C per decade in the 21th century
(Houghton, 2001). As increased temperatures will lead to greater amounts of water vapour in the
atmosphere and an accelerated global water cycle, it is reasonable to expect that river catchment areas
will be exposed to a greater risk of flooding. While many impact studies have already been carried out
to assess such risks in other countries (Bergstrom, 2001, Pilling, 2002, Arnel, 2003), this study
examines the risks for Ireland using the Suir catchment area as a test case.

The Land Surface Parameterization (LSP) scheme is an important part of the RCA climate model; it
acts as a bridge connecting the atmosphere and water cycle. Significant efforts have been made to
improve the representation of the land surface-atmosphere interaction during the last two decades,
particularly for the hydrological component. However, because of the different spatial resolutions of
the climate and hydrological models, it is still difficult to couple the models directly. For the
hydrological model, the most important processes in the context of climate change and river flooding
are known to be precipitation and evapotranspiration. In this study, the precipitation values from
different RCA simulations are used to drive the hydrological model in the Suir catchment area, while
for evapotranspiration, the monthly mean climate values from Johnstown Castle are used as proxies in
the catchment area.

6.1.1 HBV model

The HBV hydrological model of the Swedish Meteorological and Hydrological Institute (SMHI) is
used in this study (Bergstrom 1995; Lindstrom 1996). The model is a semi-distributed, conceptual
hydrological model using sub-basins as the primary hydrological units, taking into account area-
elevation distribution and basic land-use categories (forest, open areas and lakes). The sub-basins
option is used in geographically or climatologically heterogeneous basins or large lakes. The model
handles snow accumulation and melt, soil moisture and runoff generation and includes a simple routing
procedure. It has been widely used in Europe and other parts of the world in applications such as
hydrological forecasting, water balance mapping and climate change studies.
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6.1.2 Datasets

To investigate the influence of climate change on regional water resources and flooding, three global
datasets were used to drive the RCA model. For the past climate (1961-2000), ERA-40 and ECHAM4
data were used, while for the future climate simulation (2021-2060) the model was driven by ECHAM4
data consistent with the SRES-B2 scenario. As the ERA-40 data are based on observations and are
generally regarded as providing an accurate description of the atmosphere, they provide an excellent
means for testing the performance of the climate model in a hydrological application. To consider the
effect of the different boundary data on the future climate simulation run, the ECHAM4 past climate
simulation was used as a control.

6.2 Results

6.2.1 Calibration

In the HBV model the parameters with the largest uncertainty are related to the soil moisture
parameterization scheme. The main parameters are FC (maximum soil moisture storage in millimeters),
LP (fraction of FC above which potential evapotranspiration occurs and below which
evapotranspiration will be reduced) and the coefficient BETA (determining the relative contribution to
runoff from a millimeter of precipitation at a given soil moisture deficit). These parameters are
dependent on the properties of the catchment, such as the land-use type, the wilting point and soil
porosity. Because of the uncertainty, the Monte Carlo Random Sampling (MCRS) method is popularly
used for the parameter estimation. However, as the HBV program source code is not available, the
above method is difficult to apply. In order to overcome this obstacle, quasi-stratified sampling in the
form of Latin Hypercube Sampling (McKay, 1979) was used. In this method, the limited sampling
numbers can produce similar results to the Monte Carlo approach (Yu, 2001).

For the calibration of Suir catchment run, observed precipitation data for the period January 1960 to
December 1964 and monthly mean climate evapotranspiration data were used to drive the HBV model.
The actual catchment area and rainfall stations are shown in Figure 6.1. Note that the calibration period
includes relatively dry and wet years. Although insufficient observation data coverage limited the
duration of the calibration to 5 years, it should be sufficient according to the model documentation of
SMHI, which recommends the use of 5-10 years of data. The performance of the model was judged
using a modified R2 statistical correlation measure, defined as follows.

R2 QR QRmean
2 QC QR 2

QR QRmean
2

QC = computed discharge

QR = observed discharge

QRmean = the mean of QR over the calibration period
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For the calibration of Suir catchment data, the R2 value (unity for perfect performance) was 0.787.

Figure 6.1 Suir catchment area and rainfall stations.

Figure 6.2 presents the calibration results. Except for the peak values, which are slightly
underestimated, the variation in the simulated discharge coincides with the observed discharge fairly
well.

Figure 6.2: Observed and simulated (observed precipitation) discharge [m3/s]


