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2. Climate Variability and Change 

Bart van den Hurk (KNMI)
Daniela Jacob (MPI)
The climate is variable. The nature, amplitude and predictability of this variability, however, strongly varies with the spatial or temporal scales considered. The global mean climate varies in response to variations in the solar forcing, the amplification of these responses within the climate system due to feedbacks (like the snow/ice-albedo feedback at high latitudes), internal oscillations of large scale phenomena (like El Niño Southern Oscillation, ENSO), the composition of the atmosphere (that varies with volcanic activity and greenhouse gas emissions) and the biophysical state of the land surface and oceans. On the regional scale (defined here as areas of the size of subcontinents or major river basins) climate variability is further enhanced by variations in the atmospheric circulation and local land-atmosphere feedbacks.
The most relevant horizons of climate variability for the water sector are:

· the synoptic time scale, where individual weather systems may result in extreme hydrological events,
· the seasonal time scale, where persistent anomalies in precipitation may accumulate in enhanced risks for droughts or floodings, and

· the decadal time scale, where changes in the mean (say, 30yr averaged) climatology of meteorological variables may affect the design of hydrological infrastructure for safety, traffic or water resources.

The predictability and its origin likewise varies with the time scale and region considered. Predictability arises from at least two sources: initial conditions and changing external forcing. Predicting synoptic weather requires a good quality initial condition of the atmosphere and land, and a decent meteorological model to describe the evolving dynamic weather features. Scientific and computational developments leading to improved initial conditions have extended the time range of sufficiently accurate weather predictions with about 1 day per decade since the late ‘70ies, up to approximately 7 days at present (ECMWF, ????). However, operational forecasting applications in the water sector usually rely on probabilities that extreme hydrological events occur, and the mean forecast skill is of less importance. Probabilistic weather forecasts are being used since the mid ‘90ies to assess risks of for instance extreme river discharge, heavy precipitation events, hurricane tracks or other weather phenomena that have an impact on society (see e.g. Fig. 2.x). Applications focusing on this synoptic time scale are widely used and well-known, and not the subject of this book.
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Fig 2.x: Graphical display of probabilistic forecasting. As forecast time proceeds, the probability distribution function (PDF) of a given event evolves, and may eventually break up in different regimes. The red line represents an a posteriori check of the probabilistic forecast (Buizza, 2006).
On longer time scales (like the seasonal time scale) a likewise good initial condition of the slower components in the climate system is required: the Sea Surface Temperature (SST), ice cover extent, slow varying signals in the stratosphere, and soil moisture and snow conditions over land. In addition, predictability at the seasonal time scale varies largely with season and across the globe, since the chaotic nature of atmospheric motion destroys correlations as time proceeds. Seasonal predictions are routinely produced by a number of major weather institutes across the world. 
Predicting decadal time scales is even more hampered by noise and other non-linear interactions that introduce uncertainty as time proceeds. Predictability at these time scales is considered to be successful depending on a mix of an adequate initial condition of the long term climate variables like the temperature distribution in the oceans on one hand, knowing the projected changes in the external forcings (in particular greenhouse gas emissions and land use changes), and adequately assessing the response of the climate system to these forcings. A first attempt to predict the global mean temperature for the next decade is presented by Smith et al (2007) and Keenlyside et al (2008). It is likely that projected changes in radiative forcing are an important source of climate predictability, whose importance may grow with the time scale considered (Hurrell et al, 2007).
The issue of climate variability and change is relevant as human activity very likely leads to global climate change at a level that is discernible from the natural variability at seasonal and decadal time scales (IPCC, 2007). Since the major El Niño event of 1997/1998 with large effects on seasonal precipitation and temperature across the entire world awareness has grown that adequately addressing climate variability at the seasonal time scale may help to anticipate climate change at longer time scales (e.g. Hartman et al, 2002). This chapter therefore discusses first the major sources of seasonal-to-annual climate variability and the seasonal predictability emerging from these sources. Next, the observed recent changes in some relevant climate variables are compared to natural variability, concluding with the notion that climate change is ongoing and detectable. Finally, a broad outlook of climate change expected for the future decades is discussed. The next chapter provides additional details on the construction of global and regional climate change scenarios, including some examples of scenario products tailored for local (impact assessment) applications.
2.1 Predictability of climate variability at the seasonal timescale 

2.1.1 Seasonal forecasting tools
Seasonal forecasting tools have rapidly emerged in the past decade. It is particularly powerful in areas and seasons where strong connections to slowly varying SST and other climate variables exist, and where interannual variability of seasonal mean weather is large. In areas with small year-to-year variability of mean seasonal precipitation, like the midlatitudes or desert regions, less opportunities to predict anomalous climate conditions are present than in areas with strong variability (like monsoon climates or land areas in the (sub)tropical regions). Seasonal forecasting tools do not aim at forecasting a specific event at a given day, but rather at the probability that the seasonal mean precipitation of temperature is higher or lower than the climatological mean. The existing tools can be roughly divided into two classes: statistical and numerical methods (Palmer and Anderson, 1994). In some applications, a mixture of the two is used.
Statistical methods use observed correlations between SST and regional weather patterns to make forecasts for the future. Apart from giving a probability of anomalously high or low precipitation, they are often used to determine historical analogue years that are used as input to hydrological or agricultural applications (e.g. Hamlet and Lettenmaier, 2000; Stone et al, 1996). However, they often suffer from limited observational record length needed for the calibration of the tools. And they are not able to cope with changes in statistical correlations induced by changes in the external forcings. Although future climate projections do not show strong shifts in El Niño frequency or structure (Philip et al, 2006), the structure of the teleconnections may well change considerably.
Numerical methods use an ensemble of projections with coupled Ocean/Atmosphere General Circulation Models (OAGCMs) initialized with an “observed” state of the ocean, land and ice conditions. The ensemble approach allows coping with the inherent uncertainty introduced by the chaotic nature of the climate system. However, the quality of the initial states is fairly poor owing to the lack of routine observations in the ocean and land. A well known operational system for seasonal forecasting is the multimodel EuroSIP system (European Multi-model Seaonal-to-Interannual Prediction system, http://www.ecmwf.int/products/forecasts/seasonal/forecast/forecast_charts/eurosip_doc.htm), where seasonal predictions from three European meteorological services are combined into a single application database. The combination of multiple modeling systems allows the representation of uncertainty that is associated with imperfect modeling systems.
Both the statistical and numerical tools for seasonal prediction rely on existing sources of predictability at the seasonal time scale. The major source is the oceanic surface temperature (of which El Niño is the strongest expression), but other sources are being investigated as well. The major sources are briefly discussed in the following.
2.1.2 Sources of predictability

El Niño Southern Oscillation (ENSO)

Irregular but persistent SST-variations in the equatorial Pacific Ocean are associated with the El Niño Southern Oscillation (ENSO) phenomenon, which returns on the average every three to seven years. During an El Niño SSTs are warmer than normal around the equator in the Eastern half of the Pacific basin, usually starting early in the year and having a peak during November – January. It results from an interaction between the ocean and the atmosphere, where changes in the ocean surface temperatures affect tropical rainfall patterns and atmospheric winds over the Pacific ocean, which in turn impact the ocean temperatures and currents. Details about the mechanisms and the degree to which they are reproduced adequately in present-day climate models are given by Neelin et al (1998). Popular documentation is given on many web-sites, including the National Center for Environmental Predicitions (NCEP)/Climate Prediction Center (CPC) website http://www.cpc.ncep.noaa.gov/products/precip/CWlink/MJO/enso.shtml. 
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Fig 2.x: Remote climate effects of ENSO during the SST peak period (Dec-Feb; top panel) and the subsequent boreal summer (June-Aug, bottom). Shown are areas where high Pacific SST’s correlate well with anomalously high or low seasonal mean precipitation or temperature values  (source: NCEP/CPC).
The strength of an ENSO event is usually expressed as a SST anomaly in a particular equatorial region. Different regions are used, leading to different (related) indices NINO3, NINO4, NINO3.4 or others.

The ENSO phenomenon has a clear impact on (hydroclimate) in many regions of the world (see Fig 2.x). Strongest relationships are found in the Pacific equatorial zone and coastal areas bordering the Pacific Ocean. Apart from a weak positive impact of ENSO on precipitation in SW Europe in spring (Van Oldenborgh et al, 2000) a teleconnection between ENSO and European climate variability is not detectable.
Other variability modes
Apart from ENSO a number of other modes of atmospheric and oceanic variability exist, that bear some seasonal predictability in some regions of the world: the Pacific Decadal Oscillation (PDO), North Atlantic Oscillation (NAO) and the Indian Ocean Dipole (IOD). For instance, rainfall in eastern Africa is correlated to SST anomalies in the Western Indian ocean. The NAO index (usually expressed as an anomaly in the pressure difference between Iceland and Lisbon) is positively correlated to precipitation in the northern part of Europe and reversed in Southern Europe (mainly during the winter season; see Fig. 2.x). Although these signals are weaker than ENSO teleconnections, they are used in some statistical seasonal forecasting tools.
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Fig. 2.x: Correlation between NAO index and annual mean precipitation from the CMAP database (climexp.knmi.nl)
Land-atmosphere interactions
An active field of research is the possible predictive skill present in the slow varying terrestrial components of the climate system, like snow and soil moisture. Statistical analyses have demonstrated a detectable positive correlation between springtime snow amounts and temperature up to one month later in Europe (Shongwe et al, 2007). Extreme hydrological events in Europe and the US (like the European 2003 summer heat wave) have incited a number of studies demonstrating increased likelihood of anomalous heatwave intensities in summer when winter/spring soil moisture content is relatively low (e.g. Ferranti and Viterbo, 2006). These studies justify investments in widespread observation and data assimilation of these quantities, in order to increase the quality of the terrestrial initial conditions of numerical seasonal prediction tools.
2.1.2 Regional differences in the predictability of the climate

The persistent ENSO feature is a powerful source of climate predictability at the seasonal time scale. If the initial condition related to the anomalous ENSO state is captured well, the relatively high correlations to weather phenomena elsewhere in the world enhance the quality of the forecast owing to the large role of persistence in the phenomenon.
Van Oldenborgh et al (2005) compared the skill of seasonal predictions from a statistical forecast model (calibrated on observed correlations between the observed so-called NINO3 index and observed seasonal precipitation and temperature anomalies across the world) to a set of ECMWF dynamic coupled modeling systems performing a 3-month forecast. The predictability is here simply expressed as the correlation between modeled and observed seasonal mean temperature, precipitation or surface pressure. This simple skill parameter is justified for the relatively short (15 yrs) verification data set and highly aggregated (seasonal mean) climate variable. Skill scores like the Relative Operating Characteristics (ROC), measuring the ability of ensemble forecast systems to discriminate between the occurrence and non-occurrence of events (like precipitation exceeding a certain threshold), are more adequate for evaluations with longer and more variable time series.
For December-January-February (DJF) positive skill in terms of 2m temperature is seen in areas where strong teleconnections with NINO3 index are present (Fig. 2.x). The dynamic GCM system (top panels in Fig. 2.x) show broadly similar patterns as the statistical method, but clearly outperform the statistics in the Indian and Northern Pacific Ocean, indicating that other phenomena than ENSO contribute to the forecast skill. Over land, the predictability of 2m temperature is lower than over the ocean, pointing at a lower heat capacity and consequently less persistence.
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Fig. 2.x: Skill score of DJF temperature from two seasonal prediction systems. Red colors indicate good predictability, blue colors indicate predictions that are opposite to the realized weather. Grey colors indicate poor predictability. Top left: the ECMWF coupled atmosphere-ocean GCM; bottom left: a calibrated statistical forecast model. Right panels show corresponding teleconnections between DJF NINO3 and DJF temperature (source: Van Oldenborgh et al, 2005).
Extratropical shifts of the atmospheric circulation due to ENSO is a major source of predictability. However, the skill scores in the boreal summer season (June-July-August, JJA) are generally a bit lower due to the weaker ENSO-teleconnections (Fig 2.3, see also Fig. 2.1).

Precipitation skill in seasonal forecasting systems is dominated by a clear effect of ENSO on high-rainfall regions in the tropics. The distribution of skill over land areas shows a complex mixture of areas with weaker and stronger positive and negative correlation between NINO3 and precipitation, and additional processes affecting precipitation at the local scale.
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Fig. 2.2: Skill score of JJA sea level pressure from the same prediction systems and using same colors as in Fig. 2.2 (source: Van Oldenborgh et al, 2005).
2.1.3 Availability and formats of seasonal forecasts

Many (climate) institutes around the globe offer seasonal forecasts or outlooks for different periods and different parts of the globe. It is beyond the scope of this book to give an exhaustive list of products, but a few examples are given here.

An example of statistical seasonal forecast products is provided by the Australian Bureau of Meteorology, who issues probability maps of above or below median rainfall for a 3 month period (http://www.bom.gov.au/climate/ahead/rain_ahead.shtml). In addition guidance is given on the results and the interpretation. The Canadian weather office (http://text.www.weatheroffice.gc.ca/saisons/index_e.html) provides similar maps for lead times longer than 3 months, but uses numerical forecasts for shorter lead times.
The US Climate Prediction Center (CPC; http://www.cpc.ncep.noaa.gov/products/predictions) issues tercile maps (probabilities above, at or below normal) based on a mix of statistical and numerical methods. The statistical methods use various observed correlations, including ENSO and a soil moisture index. The skill of each method is assessed separately. Outlooks are given for the US only.
Products from comprehensive multi-model systems are given by the International Research Institute for Climate and Society (IRI; http://iri.colombia.edu) and the EuroSIP consortium mentioned before ((http://www.ecmwf.int/products/forecasts/seasonal/forecast/forecast_charts/eurosip_doc.htm). The IRI forecast products heavily weights on an ensemble of numerical atmospheric models that are driven by an expected SST evolution. This SST is in turn generated using a suite of methods, varying from a persistence model for short lead times to an ocean-basin specific fit to operational OAGCM projections for longer forecast windows. The IRI products weigh the ensemble members using their performance in the past.
The EuroSIP products can be considered to be an operational continuation of an earlier European project DEMETER (Palmer et al, 2004), where a multi-model ensemble was used to generate hindcast seasonal predictions (covering the period 1958-2000). These hindcasts were further processed to assess the skill of the individual models and the ensemble mean, to derive specific output products, and to define interfaces with various sectors in society including water resources management, flood prediction and agricultural production. The suite of output products is abundant and the DEMETER archive is still accessible for research purposes. The most common products emerging from EuroSIP include an ENSO forecast plume and a range of probability maps for anomalously high or low precipitation, SST or temperature (see Fig 2.x for examples).
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Fig 2.x: Examples of products from the seasonal prediction group at ECMWF. Left: forecast of the NINO3 index; right: probability for higher or lower than normal rainfall in the Tropics.
All seasonal forecast products are issued with a skill assessment. However, the skill parameters and criteria vary among the groups. A useful data portal to compare skill and seasonal forecasts from a range of forecast centers is the Climate Explorer (http://climexp.knmi.nl). Here the seasonal forecasts are collected near-realtime, and can be processed or verified using a common metric and verification data base.
2.2 Recent climate change and evidence that climate is already changing

The publication of the 4th Assessment Report of IPCC (AR4, IPCC, 2007) leaves little doubt about the fact that global mean surface temperature has been increasing since the mid ‘70ies, and that it is very likely that humans are contributing to this change. The implications of this global temperature increase for the water sector are widespread, and documented in many reports, papers and books. Chapter xx further discusses these implications. Here we will focus on the evidence of increases in the recent decades, and give some references to observations and studies that may be relevant for water resource managers.

2.2.1 Major findings of AR4

Global mean concentrations of greenhouse gases CO2, CH4 and N2O have increased due to human activities. This increase is very likely the cause of the worldwide increase in land and ocean temperatures (approximately 0.7(/100 yrs), melting of snow and icecaps, and sea level rise (17 cm/100 yrs). Many longterm changes in the climate system have been observed, including the temperature and sea ice extent in the Arctic region, large scale precipitation patterns, ocean salinity, wind patterns and aspects of extreme weather. The simple paradigm that mean precipitation increases in the wet high latitudes and the tropics, and decreases in drier subtropical areas is confirmed by the observed increases in Northern Europe (5-10%) and America and the reduction in Northern Africa. However, the observed decreases in precipitation in Western and Central Africa, and the increase in Southern America and Northwest Australia do not fit in this simple picture. No changes were found in for instance the diurnal cycle of surface temperature, the sea ice extent near the Antarctic continent, and small scale phenomena like tornadoes and lightning.

2.2.2 Signal to noise ratios and trend detection.
Without exception, the observed trends must be detected in time series that strongly fluctuate. The significance of any trend in a noisy signal depends on the length of the time record, the variance of the signal, and the strength of the trend. More variability or shorter periods require that the trends are stronger to be statistically significant. No meaningful statements on trends can be made from individual events or short episodes. The fact that the warmest year since the late 19th century is 1998 (and not, say, 2007) does not preclude the existence of a significant trend. Trend detection is a matter of signal to noise ratio. This makes trends in temperature (relatively strong trend compared to the interannual variability) easier to detect than trends in precipitation or wind (which have a much noisier signature and weaker link to the radiative effects of greenhouse gases). On the other hand, the erratic nature of precipitation makes trends in extreme precipitation easier to detect than trends in the mean (Groisman et al, 2005).
Detection of trends relies on homogeneous and undisturbed observational records. This is not trivial, since many routine meteorological observation stations have changed position, sensor, calibration or surrounding environment, often undocumented. An example of a carefully homogenized climate data set is the European Climate Assessment (Klein Tank et al, 2002; http://eca.knmi.nl). It is designed for analysis of trends in many climate indices, including extreme precipitation or heatwaves (see Fig 2.x for an example).

2.2.3 Observed recent trends
The time series of global mean temperature are becoming long enough to enable the detection of clear trends and compare them to the scenarios published by AR4 (see next section). Rahmstorf et al (2007, see fig 2.x) conclude that the scenarios are conservative with respect to the observed trends in temperature and sea level since 1990. The observed trends are found in the upper range of the IPCC projections. Although the overlap between the observations and projections is too short to exclude the influence of decadal variability, the results underpin the concern of climate actually changing.
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Fig 2.x: Observed global mean temperature (top panel) and sea level (bottom), including projections published in AR4 (source: Rahmstorf et al, 2007).

Also the temperature record in Europe has shown a strong departure of the global mean temperature increase: depending on the exact location the regional temperature between 1950 and 2007 has increased up to 2.5 times the global mean increase, in particular during spring and summer (Van Oldenborgh et al, 2008). In future projections (see next section) land masses and high latitudes are shown to increase faster than ocean and tropical areas, and the observations seem to demonstrate that this feature is already happening.
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Fig 2.x: Trend (1946-2006) of fraction of precipitation on very wet days (P>95%) (source: eca.knmi.nl)

2.3 Future Climate change 

2.3.1 Projections with climate models
Future projections of the global and regional climate are necessarily carried out with computer models representing our complex climate system. This climate system contains many complex mechanisms and interactions that can amplify, delay, damp or transform disturbances in the so-called external forcings (e.g. solar radiation, atmospheric composition) resulting in smaller or larger responses. For instance, a relatively small change in the global and annual mean radiation received from the sun has lead to large fluctuations of the surface temperature, giving rise to glacial and interglacial episodes in climate history. For realistic future projections climate models must be able to adequately reproduce these feedbacks and responses. A continuous effort of testing, comparing, calibrating, revising and extending has resulted in a gradual improvement of the ability to reproduce the global mean and regional climate, similar to the gradual improvement of the quality of the weather forecasting tools. Confidence in the climate response to enhanced greenhouse gas concentrations is increasing, although (inherently) remaining model uncertainty still requires to consider a range of possible future conditions (IPCC, 2007).
2.3.2 Projections for the near future
In their 4th assessment report (AR4) IPCC (2007) concludes that in the next few decennia the global mean temperature will likely rise with approximately 0.2(C per decennium for a range of emission scenarios (see also Fig. 2.x). Up to the mid of the 21st century the uncertainty in the greenhouse gas emission is of less importance than the uncertainty in the initial condition (in the ocean, land and ice masses), the internal climate variability and the model uncertainty. 

Projections for the near future (at the so-called decadal time scale) are currently carried out and explored by a number of global climate modeling groups. A pioneering application was presented by Smith et al (2007), who designed a procedure to estimate the ocean heat content which was used to launch GCM projections 10 years into the future. The study identifies both the initial condition (i.e., the ocean heat content) and the ongoing global warming as that most important sources for predictability at this time scale. Figure 2.x is a cautious prediction of the global mean temperature up to 2014, where the ongoing warming is compensated by the cooling effect of internal climate variability during the years up to 2008. Although the work is a significant step towards the design of an operational decadal prediction system (see also Cox et al, 2007), the skill at regional scale clearly needs improvement. Our understanding of the (limitations of the) predictability at this time scale, as expressed by the quality of the models and initialization procedures, remains limited, and requires additional improvements before a truly useful forecasting system can be applied.
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Fig. 2.x: Observed and projected global mean temperature change from a decadal forecasting system (DePreSys) presented by Smith et al (2007). The system (red shading and white central line) is compared to observations and to a system which does not use updated initial ocean heat content (NoAssim, blue line). Projections started in 2005 show a gradual increase of the global mean temperature, but in the DePreSys forecast this increase is compensated by internal variability of the climate system (expressed as a reduced ocean heat content) in the years up to 2008.
2.3.3 Projections for the 21st Century summarized by IPCC

At longer time scales (from, say, the 2nd half of the 21st century onwards) the uncertainty of the greenhouse gas emission rates gains importance in the range of projected global mean temperature: different emission scenarios lead to discernible differences in the global mean temperature projections (IPCC, 2007). Even when emissions will not increase from the level reached in 2000, the global mean temperature will continue to rise with approximately 0.1(C per decade due to the delayed response of the slow components in the climate system. Increases of emissions at the current rate or faster will lead to further temperature rise and changes in other climate variables, likely to be larger than observed during the 20th century. Global warming and sea level rise will continue long after the 21st century, even at stabilization of greenhouse gas emissions.
These very general conclusions are reported in the IPCC AR4, published in 2007. Considerable additional detail is available from the large suite of GCM projections, observation analyses, and regional downscaling tools carried out before and after AR4. Insight in climate variability and change is continuously increasing. New components are added to climate models, which are turning into even more comprehensive Earth System Models (ESMs) including additional important feedbacks from ecosystems, human influence on land use and atmospheric composition, and geophysical components like deep water reservoirs, wetlands, oceanic slow currents and others. Climate projections will likewise continue to evolve; climate scenarios are a moving target and will change and be refined as scientific development progresses. The next chapter discusses the global and regional climate scenarios in more detail, paying adequate attention to the relevance for the water sector.
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