A diagnostic evaluation of precipitation in CORDEX models over southern Africa
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Abstract
We evaluate the ability of ten regional climate models (RCMs) to simulate precipitation over
 southern Africa within the Cordex framework. An ensemble of ten regional climate simulations and the ensemble average is analysed to evaluate the model's ability to reproduce seasonal and interannual rainfall characteristics over regions of the sub-continent. All the RCMs use a similar domain, have a spatial resolution of ~50km and are driven by the ERA-Interim reanalysis (1989-2008
). Results are compared against a number of observational datasets. 

The spatial and temporal nature of rainfall over the region is captured by all RCMs, however, individual models exhibit wet or dry biases over particular regions of the domain. Models generally produce lower seasonal variability of precipitation compared to observations and the magnitude of the variability varies in space and time. Model biases are related to the positioning of the ITCZ as well as moisture transport. The multi-model ensemble mean generally out-performs individual models, with bias magnitudes similar to differences across the observational data sets. In the northern parts of the domain some of the RCMs and the ensemble average improve the precipitation climate compared to that of the ERA-Interim reanalysis. The models are generally able to capture the dry (wet) precipitation anomaly associated with El Niño (La Niña) events across the region. Based on this analysis, we suggest that the present set of RCMs can be used to provide useful information on climate projections of rainfall over southern Africa.

Introduction
The aim of this paper is
 to make use of the Regional Climate Model (RCM) control simulation results generated
 in the COordinated Regional climate Downscaling Experiment
 (Cordex; Giorgi et al., 2009
) initiative to provide an evaluation of the models’ ability to reproduce the regional climatic features over southern Africa. Interannual variability patterns and climatic means are examined, with focus on precipitation biases and related large-scale circulation and sea level pressure (SLP) fields.

In recent years, significant efforts have been made in southern Africa to develop the potential to assess regional climate variability and climate change using regionally downscaled information (Tadross et al., 2005
; Hewitson and Crane, 2006
; Tadross et al., 2006
; Tadross et al., 2007
; Engelbrecht et al., 2009
, Haensler et al., 2011
). This is in response to the ever growing need for actionable information to address anthropogenic climate change which is arguably one of the greatest threats facing humanity and natural systems in the 21st century and beyond. 

African agricultural and socio-economic structures are particularly vulnerable to the effects of climate change. Africa is characterised by low adaptive capacity and high vulnerability so a response to the threat of climate change requires both mitigation and adaptation measures. The existing development challenges from non-climate factors faced by most African countries reduces their capacity to adapt to additional climate stresses. For example, the limited access to markets, infrastructure, technology, data and information further reduce the adaptive potential and increase the continent’s vulnerability (Washington et al., 2006
). 
To support informed decision making, regional climate information at relevant spatial and temporal resolution is required. Dynamical downscaling using RCMs (Giorgi, 1990
; Giorgi and Mearns, 1999
) and statistical downscaling techniques (Hewitson and Crane, 1996
) are the tools most commonly used to produce regionally relevant information, as the spatial resolution of Global Climate Models (GCM) is found to be too coarse to reveal the details required.
There have been several international projects in the past decade which have focused on downscaling the output of multiple GCMs with multiple RCMs for different regions across the globe (e.g. PRUDENCE, Christensen et al., 2007
; ENSEMBLES, van der Linden and Mitchell, 2009
; NARCCAP, Mearns et al., 2009
; CLARIS-LPB, Menendez et al., 2010
). However, there has until now not been any similar multi-model project focusing on Africa as a whole. While having a global focus, Cordex is the first such initiative whose first priority is the African domain. 

The analysis of Cordex results presented here focuses on southern Africa and on specific sub-regions with nominally homogeneous spatial rainfall characteristics (Favre et al., 2011
). For the Cordex reference runs addressed in this paper, all the models have been forced using the ERA-interim reanalysis data (Dee et al., 2011
) as boundary conditions. This is the latest global reanalysis product produced by the European Centre for Medium-Range Weather Forecasts (ECMWF). Subsequent work within the Cordex framework will downscale the Coupled Model Intercomparison Project Phase 5 (CMIP5) GCM results to generate projections of the future climate. It is therefore essential to asses the ability of RCMs to reproduce current climate prior to assessing downscaled climate change scenario results over Africa. In much of the African continent water is a critical resource for food security and economic development (see Washington et al., 2004
). Water availability is reliant on rainfall which is subject to variability on the seasonal, interannual and longer time scales. Climate projection data indicate that over many regions of Africa there is likely to be (a) an increased rainfall variability (Fauchereau et al., 2003
), (b) a greater likelihood of extreme events (IPCC, 2012
) as well as (c) drying over the southern, eastern and other regions (Christensen et al., 2007
). Over the southern African region, a number of sectors such as agriculture, water resources management, energy supply, disaster risk preparedness and health need reliable rainfall information, including the critical thresholds within which they operate. In this context, the model evaluation presented here focuses on the quality of RCM-simulated precipitation and the underlying model dynamics governing these results.

Data and Methodology

Data for this analysis were produced by many different downscaling groups across the globe (see Table 1). These data were generally received in the native model data format, projection and grid so had to be post processed into a common data format with the same horizontal and vertical dimensions. This onerous task was performed at the SMHI and the Institute also served as the repository for the post-processed data. An initial set of diagnostic variables were processed by the SMHI at the start of the Cordex-Africa analysis initiative, which started in 2011, and were provided to analysis groups at the monthly time scale. However, as the analysis progressed additional prognostic variables were desired to understand the downscaled results e.g. winds at particular levels to examine the presence of jets, relative humidity at multiple levels to understand moisture transport. Unfortunately these variables could often not be made available at a later stage by all centres (for reasons such as space and model upgrades) and subsequently many variables were not available for inclusion in the analysis. It was therefore not possible to assess the causes of observed biases in the RCMs to the degree to which we would have liked.
The evaluation of precipitation results in the reference climate simulations is restricted by the availability of high quality observational data sets for the region of study that are at the appropriate spatial resolution and for the required time period. Several observational datasets are available for model evaluation and have been reviewed to some extent in Nikulin et al. (2012)
 and Sylla et al. (2012)
. Nikulin et al. (2012)
 show large differences between satellite and gauge-based products and highlight the lack of reporting station gauges over large parts of Africa and Sylla et al. (2012)
 state that the uncertainty in the observations are a key factor preventing a rigorous and unambiguous evaluation of climate models over Africa. In order to obtain an estimate of the spread in the precipitation values between the individual observed fields, and provide a sense of observational uncertainty, model results were compared against a number of different observational data sets. Three gauge-based gridded observational data sets are used, which are available at 0.5o lat/lon grid and include the region of southern Africa and the time period 1990-2006: the Global Precipitation Climatology Centre (GPCC, version 5; Rudolf et al., 2010
), the University of Delaware (UDEL, version 2.01; Legates and Willmott, 1990
) and the Climatic Research Unit at the University of East Anglia (CRU, version 3.0; Mitchell and Jones, 2005
). For the limited time period of 1998-2006, the results from the gauge-based data sets are compared against the satellite based data set from the Tropical Rainfall Measuring Mission (TRMM, 3B42, version 6; Huffman et al., 2007
) with a 0.25° spatial resolution and the satellite-gauge data set from the Global Precipitation Climatology Project (GPCP, version 1.1; Huffman et al., 2001
) with a 1° spatial resolution. We chose to use the GPCC as our reference observational dataset as it is of a sufficiently long time series that it covers the Cordex downscaling period (1989-2008), has same resolution as the RCM simulated data and the regions used in the analysis were classified based on GPCC data.
We evaluate the downscaled atmospheric fields against the ERA-Interim (ERAINT) reanalysis. The third generation ERAINT reanalysis includes a number of improvements over the ERA-40 (Dee et al., 2011
), it has been found to agree well with gauge-based and combined gauge and satellite products (Simmons et al., 2010
) and is thus considered an appropriate data set for the assessment of model performance for a number of climate variables. Sea level pressure and wind fields at the 850 hPa level were used to assess the models’s ability to reproduce a physically consistent framework that captures the global circulation patterns. ERAINT precipitation is also used in the comparisons to provide a measure of uncertainty between reanalysis data and observations, though a more detailed comparison of precipitation in reanalysis data and observations over southern Africa can be found in Zhang et al. (2012)
.

The ten different RCMs described in Table 1 were used to simulate the African climate during the period 1990-2008 (1989 was spin-up)
. To facilitate comparison against the different observational data sets, the results presented in this paper focus on the period 1990-2006. Although each model used its individual set up (number of vertical levels, grid rotation, parameterization schemes etc.) a common horizontal resolution of 0.44 degrees was required. In the results presented, this is used as a reference grid and all data sets on other grids are interpolated to this common resolution. The TRMM data set was aggregated from the native 0.25 o grid onto the reference grid by a first-order conservative remapping (Jones, 1999
), while all other data sets with similar or coarser resolution than 0.44 were remapped through bilinear interpolation as in Nikulin et al. (2012)
.  The details of each model can be found in Table 1.

In addition to the overall circulation patterns over southern Africa, three specific sub-regions within the study area, characterised by different but near-to-homogeneous annual precipitation cycles across each sub-region, were examined. The extent of each sub-region is selected based on the analysis of Favre et al. (2011)
 where GPCC-derived standardised annual precipitation cycles over Africa were distinguished into 9 types (classes) using the k-means method. The location of the sub-regions and their topography is shown in Figure 1. A seasonal analysis is performed on area averaged results, in order to assess the models’ ability to reproduce the annual precipitation cycle. A quantitative evaluation of model performance is carried out using Taylor diagrams (Taylor, 2001
) which have been widely used to assess model results on the basis of the root-mean square error, Pearson’s correlation coefficient and standard deviation. 

	Table 1: Alphabetical list of the models used in the Cordex-Africa analysis.

	Model name
	Type of model
	Contributing Centre
	Country
	Recent references

	ARPEGE5.1
	Global variable resolution model
	Météo France National Centre for Meteorological Research/ Research Group of Atmospheric Meteorology (Météo France CNRM/GAME)
	France
	Déqué et al. (2010)


	CCLM4.8
	RCM
	CCLM community

(http://www.clm-community.eu/)
	International collaboration
	Rockel et al. (2008)
 
Baldauf et al. (2011)



	CRCM5
	RCM
	University of Quebec in Montreal/ Centre for the study and simulation of regional scale climate (UQAM/ESCER)
	Canada
	Zadra et al. (2008) 



	HIRHAM5
	RCM
	Danish Meteorological Institute (DMI)
	Denmark
	Christensen et al. (2007)
 


	PRECIS
	RCM
	University of Cape Town/ Climate System Analysis Group (UCT/CSAG)
	South Africa
	Jones et al. (2004)



	RACMO2.2b
	RCM
	Royal Netherlands Meteorological Institute (KNMI)
	the Netherlands
	van Meijgaard et al. (2008)
 

	RCA35
	RCM
	Swedish Meteorological and Hydrological Institute/ Rossby Centre (SMHI)
	Sweden
	Samuelsson et al. (2011)



	RegCM3
	RCM
	Abdus Salam International Centre for Theoretical Physics (ICTP)
	Italy
	Pal et al. (2007)
 


	REMO
	RCM
	Max-Planck Meteorological Institute/ Regional Climate Modelling Group (MPI)
	Germany
	Jacob and Podzun (1997)

Jacob (2001)


	WRF3.1.1
	RCM
	University of Cantabria/Santander Meteorology Group (UNICAN/SMG)
	Spain
	Skamarock et al. (2008)
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	Figure 1: Topography of the Cordex domain and location of the 3 sub-regions.


Results
Seasonal analysis for the three different climatic regions
The differences between model simulated and observed seasonal precipitation estimates in the observations and model results are first assessed using area average results for each of the three sub-regions shown in Figure 1. Highlighting problematic seasons and areas will guide further analysis on circulation features that are likely responsible for precipitation biases in the model results.

Taylor diagrams (Taylor, 2001) were used to assess the models’ ability to simulate precipitation in each sub-region (Figures 2-4) using seasonal means of December-February (DJF), March-May (MAM), June-August (JJA), September-November (SON). The results shown are based on the interannual variation of seasonal mean precipitation for the period 1990-2006. Each model is compared against GPCC observations using root mean square error (RMSE), Pearson’s correlation coefficient and standard deviation (SD). To provide an overview of observational uncertainty, UDEL, CRU and ERAINT are also compared to GPCC and plotted on the same diagram. Where possible, ERAINT derived rainfall is used to provide a measure of uncertainty between the reanalysis data and observations.
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	Figure 2: Taylor diagrams per season for a) DJF, b) MAM, c) JJA, d) SON, based on the interannual variation of seasonal mean precipitation for the period 1990-2006 in sub-region 1. Ten model results, the multi-model ensemble, two observational data sets (UDEL and CRU) and one reanalysis data set (ERAINT) are compared against GPCC observational data. The radial coordinate gives the magnitude of total SD [mm/day] (the solid radial highlights the SD of GPCC), the angular coordinate gives the correlation with observations (GPCC) and the distance between the observed point on the x-axis and any other point is proportional to the RMSE [mm/day]. Note the scales of the SD and RMSE radials are not constant in all the images to allow for assessment of the correlation coefficient where SD and RMSE are small.


For sub-region 1 (Figure 2) large differences are observed in model performance across all seasons. The models are able to capture the phase of interannual variability better during the wet (DJF) and dry (JJA) seasons, where more than half of the RCMs are found to have correlation coefficients greater that 0.50 (statistical significance at the 5 % level). The correlation is weaker for MAM and SON (Figure 2b,d). In agreement with previous studies (e.g. Weigel et al., 2010
), the ensemble mean is generally found to outperform the individual models. It performs better in terms of correlation co-efficient and RMSE, though it tends to systematically underestimate the magnitude of the interannual variability relative to GPCC, except in SON. Furthermore, the correlation and RMSE between the ensemble mean and GPCC is similar to or better than the correlation and RMSE of the other observed data sets. Notable is the poor correlation between the UDEL and CRU observational datasets with the GPCC during SON. On an individual model basis, the ARPEGE51 model consistently outperforms all models as it captures the interannual variation of seasonal precipitation very well for all seasons and has a similar (in one case better) correlation coefficient, RMSE and standard deviation compared to the ensemble mean. ARPEGE51 achieves a correlation with GPCC of above 0.82 for all seasons, a similar standard deviation to GPCC (though lower for all seasons except SON) and a RMSE of less than 0.4 across all seasons. 

The reanalysis data compares well against GPCC with a correlation coefficient of above 0.85 for all seasons, a standard deviation which is similar to that of GPCC and a RMSE less than 0.42 across all seasons. 

For the dry season in sub-region 1 (JJA), the UDEL observational data set is found to have the largest error statistics (across both model and observed data) compared to the GPCC reference data set. This makes it difficult to quantify the model skill in this region for the particular season, as any precipitation uncertainties evident in the models are as great as the uncertainty associated with the differences within the observed fields.
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	Figure 3: As for Figure 2, but for sub-region 2.


Sub-region 2 (Figure 3) shows large variation in model performance across all seasons. The correlation coefficient for all models compared to GPCC varies between 0.20 and 0.96, with individual values found to span the whole continuum between these two extremes. Models appear to perform best for MAM, where eight models are found to have a correlation with observation of above 0.6, standard deviation is close to that of GPCC and the RMSE is less than 0.5 for all but two models. The seasonal cycle results for this sub-region (area averaged monthly mean precipitation values, not shown here) confirm that the models have a realistic cessation of the rainfall season over this area, although there is a slight wet precipitation bias compared to the GPCC. Similarly to sub-region 1 results, model ARPEGE51 consistently outperforms all models for all seasons and captures the interannual variation of seasonal precipitation very well, with a correlation coefficient of above 0.86 in all cases. It is found to have a standard deviation which is generally very close to or slightly less than that of GPCC, confirming that it is also able to capture the amplitude of the interannual variation. For all seasons the ARPEGE51 model is found to perform better than the multi-model ensemble and also has similar statistics compared to the other observational data sets.

There is generally good agreement between GPCC and the other observational and reanalysis data, with a correlation above 0.85 for all seasons and all data sets, a low RMSE and a similar standard deviation.
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	Figure 4: As for Figure 2, but for sub-region 3.


Sub-region 3 (Figure 4) is characterised by winter rainfall as opposed to summer rainfall in the other two sub-regions. Most models are able to adequately capture the interannual variation of the winter season (JJA) rainfall in this region and all but one model have a correlation with the observations of greater than 0.60. The RMSE is less than 0.3 in all cases and the standard deviation is found to be close to that of GPCC, implying that the models have a realistic amplitude over the Cape region of South Africa. Large differences in the models’ performance are found for the dry summer period (DJF), where the correlation with observation ranges between 0-0.86 with individual values found to span the whole continuum between these two extremes, though the standard deviation is close to that of GPCC for all but three models. Models also appear to have a difficulty in capturing the interannual variation of seasonal precipitation for MAM, as only two models (ARPEGE51 and RACMO2.2b) have a correlation with observation above 0.5. A comparison of the seasonal cycle results shown in Figure 5a (area averaged monthly mean precipitation values) suggests that for a number of models the summer rainfall regime most likely penetrates too far south west
 into the winter rainfall region, leading to higher precipitation estimates during both the dry summer season and the season following it (MAM).

Model ARPEGE51 is again found to perform better than other models for sub-region 3 and when compared to GPCC has a correlation coefficient of above 0.70 for all seasons. However, although it performs better in terms of the correlation coefficient, for season DJF, the dry season for this region, it has an unrealistically large standard deviation of 0.49 mm/day compared to 0.19 mm/day for GPCC. The multi-model ensemble is found to out-perform individual models in DJF, despite the higher precipitation simulated by most models for these months (Figure 5a). This, as in other seasons and regions, is likely a function of the cancellation of error of each model in the ensemble mean. In other seasons the ensemble mean generally performs better than most models, with some models performing equally well (especially in JJA). 

The correlation of the reanalysis precipitation with GPCC is found to be similar to that of the multi-model ensemble, the RMSE is found to be below 0.2 for all seasons and the standard deviation is found to be very close to that of the GPCC data set with the exception of JJA where an underestimation of 40% is noted.

	(a)
	(b)
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	Figure 5: The seasonal cycle in sub-region 3 for the period 1990-2006 for the multi-model ensemble mean, the intermodel range, the observational data (GPCC, UDEL, CRU),the ERAINT reanalysis data (a) and the individual model performance (b).


Comparison of observational data sets: an estimate of observational uncertainty
The comparison of GPCC and other observational data sets in Figures 2,3 and 4 shows that in all sub-regions there are seasons for which the area averaged interannual variation of monthly mean precipitation across the different observational data sets can vary and in some cases the differences are large (e.g. JJA season in sub-region 1). To study whether there are spatial differences within each sub-region that lead to these differences in the area averages, the correlation between the interannual variation of monthly mean precipitation in GPCC and other data sets is calculated and shown in Figure 6 in the form of correlation maps (only values which are found to be significant at the 5% level are plotted). The limited time period of 1998-2006 is chosen so that comparison against the TRMM satellite based data set can also be included.

The results displayed in Figure 6 show that there are areas within the chosen sub-regions for which the correlation of the interannual variation of monthly mean precipitation of other gauge-based observational data sets and GPCC is lower (albeit significant). A comparison of the standard deviations (Figure 7) reveals differences of up to 1.5 mm/day in sub-regions 1 and 2, with other data sets mainly found to have lower standard deviations compared to GPCC. Seasonal precipitation biases (not shown) generally show small differences between GPCC and other gauge-based data sets across most of southern Africa. An exception is the north eastern part of the domain where lower precipitation is found in the UDEL and CRU data compared to GPCC, with differences reaching up to 3 mm/day during DJF. Similar results are obtained for the 1990-2006 period (not shown). 

There is good correlation of GPCC with both satellite and merged satellite-gauge-based data sets and the differences in the standard deviations are generally smaller than those found in the comparison of the pure gauge-based data sets. However, depending on the season the differences in the actual precipitation values are similar to those found in other data sets (not shown) with TRMM known to have a dry bias across the entire northern part of the domain (Nikulin et al., 2012). 

It is not the aim of this paper to analyse these differences in detail, as this has been the subject of Simmons et al. (2010)
, Cohen Liechti et al. (2012)
, Nikulin et al. (2012)
, Parker et al. (2012)
 and Sylla et al. (2012)
. It is important however to note these spatial differences and highlight that care needs to be made when analysing area averages. For certain regions a number of factors such as the number of station data available, the different interpolation techniques or (in the case of satellite data) the gauge analysis products used in the adjustments, can contribute to a higher uncertainty in terms of the reliability and validity of the data sets
.
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	Figure 6: GPCC annual mean precipitation [mm/day] over southern Africa for the period 1998-2006 and correlation maps showing the correlation between the interannual variation of monthly mean precipitation in GPCC and the UDEL, CRU, GPCP, TRMM and ERAINT data sets. The location of the three sub-regions is shown and the correlation coefficients displayed are found to be statistically significant at the 5% level.
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	Figure 7: GPCC annual mean precipitation [mm/day] over southern Africa for the period 1998-2006 and differences in the standard deviation [mm/day] between the interannual variation of monthly mean precipitation in GPCC and the UDEL, CRU, GPCP, TRMM and ERAINT data sets. 


Biases in seasonal precipitation patterns
Model results for precipitation across southern Africa (1990-2006) are compared to GPCC in Figure 8 for DJF. The inter-comparison of model results shows that model performance is similar across all seasons, so only DJF is shown which is the wet season for most of the region.
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	Figure 8: Precipitation over southern Africa in DJF for the period 1990-2006 for GPCC and comparison against model results (biases).


When compared to GPCC, most models are found to under-simulate precipitation in the north eastern
 part of the domain and to a lesser extent in the north and north 
western part (especially during MAM) and higher precipitation results are found in the south 
eastern part, especially over the Lesotho highlands and Drakensburg areas. The WRF311 RCM and to a lesser extent PRECIS have a wet bias over most of southern Africa, though WRF311 shows a slightly different pattern as it also has a widespread dry bias in the northwestern part of the domain. HIRHAM and CCLM have the driest bias in the north eastern
 part of the domain. CRCM5 is found to perform best and has a spatial precipitation pattern which is largely consistent to that of GPCC for all seasons and the differences seen in Figure 8 are of the same order or less than those seen in other models. An exception is JJA, where this model shows a slight wet bias of ~2-3 mm/day in the north eastern
 part of the domain. Overall, CRCM5 has results which are very close to the multi-model ensemble and depending on the season the model performs slightly better (DJF, SON) or slightly worst (JJA) than the ensemble model results. 
The actual precipitation values in Figure 8 show that ARPEGE51 has a similar performance to other models across the entire southern African region, though it does not perform as well as the results in Figures 2-4 would suggest. This is most probably due to error compensations when computing the area average values. In sub-region 1 the DJF dry bias over northern Mozambique and eastern Zambia may be offset somewhat by the weak wet bias over most of Botswana. Similarly, in sub-region 2 the dry bias over southern Mozambique and northern South Africa may be offset by the wet bias over and around Lesotho. In sub-region 3 the wet precipitation bias in the south west of South Africa is likely to lead to the unrealistically large standard deviation seen in Figure 4 during the region’s dry season.

The comparison of the spatial distribution of simulated precipitation between the models and the GPCC for JJA (not shown) confirms the results of Figure 5a and shows that most models to a greater or lesser extent underestimate precipitation during the wet winter period in the south western
 tip of Africa.  

It is interesting to note certain regional details where in addition to the large scale dynamics local topography is also expected to challenge the models. The under-simulation of precipitation in the north eastern part of the domain seen in most model results during DJF and MAM is more pronounced over Lake Malawi, a key geomorphological feature that needs to be appropriately resolved. However, it is admittedly challenging to capture the large scale evaporation-condensation-precipitation cycle taking place over Africa’s third largest lake at the spatial resolution defined in Cordex. An underestimation of precipitation over Lake Malawi for DJF and MAM is also observed in ERAINT. In the south 
eastern part of the domain, all models to a greater or lesser extent have a wet bias over the Drakensburg mountains/Lesotho highlands where the complex topography associated with this geomorphological feature clearly poses a modelling challenge. 
As already discussed, the comparison of the different gauge-based observational data sets per season does not show a systematic tendency towards lower or higher precipitation estimates in the GPCC data for southern Africa. The only main difference is found in the north eastern part of the domain, where precipitation in the UDEL and CRU data is somewhat lower (not shown). Nevertheless, this does not affect the models’ relative performance and the discussion of Figure 8. The only difference is that in the multi-model ensemble results the dry bias over Mozambique is less pronounced when comparing against CRU and UDEL data, as these data sets indicate less precipitation in this area. Hence, the tendency towards lower/higher precipitation estimates in the model results are related to difficulties in modelling the larger circulation patterns and for particular areas the complex topography and its impact on the microclimate, and is not influenced by biases in the observations.

Circulation features and links to precipitation
In Figure 9, SLP anomalies and 850 hPa wind anomalies are used to examine the large scale circulation over southern Africa, as simulated by the different models. We also attempt to relate these to the precipitation biases evident in some of the models.
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	Figure 9: ERAINT fields for SLP [hPa] and wind at 850 hPa [m/s] in DJF for the period 1990-2006 are compared against model results (anomaly maps). SLP data were not available for models ARPEGE51 and RegCM3.


The higher precipitation observed in the WRF311 and PRECIS results for DJF (Figure 8) could be explained by the very deep low pressure bias over the land,  the cyclonic circulation anomaly in the 850 hPa winds and moisture transport from the tropics and Mozambique channel into the region. These factors, as well as well the creation of a generally more unstable atmosphere are likely to result in the wet bias in these models.

In the north western part of the domain over Angola, a stronger low pressure system is observed in some models compared to ERAINT. This enhanced Angola low pressure system leads to less moisture being advected into the Angola region (related to part of the cold Benguela current that continues flowing north along the Namibian-Angolan coast) which leads to lower precipitation in the north western part of the domain.

In the south eastern part of the domain, the enhanced precipitation observed over the Lesotho mountains is related to a stronger onshore flow than that observed in the ERAINT data. This can be seen in the 850hPa wind anomalies in Figure 9 for some models (WRF311, MPI-REMO, PRECIS, ARPEGE51) where the stronger onshore flow is more pronounced. For all models, this can more clearly be seen in the actual 850hPa wind fields and streamline plots (not shown). The stronger onshore flow transports more moisture inland, which results in increased orographic precipitation over areas with higher elevation. 

The differences in the simulation of the large scale circulation that most likely lead to an underestimation of precipitation in the south western tip of the domain (winter rainfall region) during JJA compared to GPCC (seen to a greater or lesser degree in all models), are most probably linked to a less pronounced northward shift of the westerlies during winter and possibly also a weaker magnitude overall. It is likely that this is also the case in the ERAINT data (an underestimation of precipitation is also noted in ERAINT compared to GPCC) and therefore the anomaly maps for JJA cannot be used to confirm this. A comparison of the ERAINT reanalysis data against other reanalyses could assist in explaining this common bias in precipitation observed in the Cordex-Africa RCM results (not done here).

There is a dry bias noted in the model results over Malawi and in the northern part of Mozambique during the rainy season. Two mechanisms for this are proposed here, however, because of data constraints we were unable to investigate these further. Firstly, of the models that show a strong dry bias (CCLM, ARPEGE, HIRAM, RACMO, REMO), there are indications of a negative pressure bias at the surface west of the dry bias in CCLM, REMO and to some degree HIRAM as well as enhanced sub-tropical easterlies (trades) at 850 hPa in the latter four models. This may shift the ITCZ westward (during summer in this region the ITCZ has a north-south orientation), which is evident to some degree in the rainfall fields. Secondly, models tend to overestimate precipitation north of Madagascar over the sea and most models also overestimate precipitation in the Mozambique Channel (not shown). This would likely remove moisture from the atmospheric column that is necessary for rainfall over northern Mozambique. Unfortunately, due to data constraints described above, we could not test the model's ability to capture stability, vorticity and moisture transport. It is interesting to note that similar precipitation bias patterns are found in the ERAINT data compared to GPCC.
Seasonal variability of precipitation associated with ENSO
A regional impact of the El Niño Southern Oscillation (ENSO) on southern African rainfall has been elucidated in a number of studies. In particular, El Niño warm events are found to favour seasonal droughts in South Africa (Lindesay, 1988
, Van Heerden et al., 1988
, Reason et al., 2000
), especially since the 1970s (Richard et al., 2000
, Richard et al., 2001
) and La Niña cold events are linked to a positive rainfall anomaly (Nicholson and Selato, 2000
). The season where the ENSO influence is found to be greatest varies across the region (Nicholson and Selato, 2000
), but since it is not the aim of the paper to study the influence in detail the results presented here focus on DJF, the main rainfall season for most of southern Africa. 
El Niño composite plots and La Niña composite plots are shown in Figures 10 and 11 respectively. In Figure 10 there is overall good agreement across the different observational data sets and ERAINT. In Figure 11 the agreement between ERAINT and observations is still good, though in the reanalysis data the extent of the wetter conditions during La Niña events in South Africa is perhaps too large. The negative precipitation anomaly in the north western part of the domain in the GPCC and to a lesser extent in the CRU data, is not seen in UDEL and ERAINT and is possibly due to a bias in the observations due to the uncertainty associated with the few station data available in this area (see Nikulin et al., 2012
).

To a greater or lesser extent, all models are found to capture the drier conditions observed during El Niño in central and eastern southern Africa (Figure 10). The model results however tend to show a positive precipitation anomaly over southern Angola (only slightly observed in the GPCC), which is found to extend further south into Namibia. All models capture the wet precipitation anomaly during El Niño in northern Mozambique, though in some cases the magnitude and the extent of the anomaly in the model results shows a dryer bias (e.g. RegCM3 and RCA35). This dry bias over northern Mozambique is also evident in the ensemble mean and is similar to that of the ERAINT bias.
In Figure 11 the models are found to capture the overall positive precipitation anomaly in central and eastern southern Africa during the La Niña events, as seen in the observations. However, in certain areas some models do not capture the magnitude or the sign of the wetter conditions (e.g. REMO, PRECIS and RCA35 over Zimbabwe and in some cases Botswana). A number of models also under-simulate the positive precipitation anomaly in southern Mozambique and in some cases even have an opposite sign. The negative precipitation anomaly expected in the north east of the domain is very close to the domain’s boundaries and also extends beyond it, it is thus not possible to analyse it here. Further south in the domain, the southward spatial extent of the wetter conditions over South Africa during La Niña events is found to be greater in all models except CRCM5 compared to the observations. Model REMO also shows a dry bias over Zambia, which is not seen to such an extent in the observations. The common differences in the model results compared to the observations also reflect in the multi-model ensemble mean, which compared to GPCC shows a weaker wet precipitation anomaly over southern Mozambique, a spatially extended wet precipitation anomaly over South Africa and a slight dry precipitation anomaly over Zimbabwe (not seen in the observations).
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	Figure 10: Precipitation anomaly maps (mm/day) for DJF associated with El Niño events (composites using data for 1991-1992, 1997-1998 and 2002-2003 and average for 1990-2006) as simulated by Cordex RCMs, compared against the Observational data sets (GPCC, UDEL, CRU) and the reanalysis data (ERAINT). Negative anomalies are indicated by dashed contours and positive anomalies are bounded by solid contours.
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	Figure 11: Precipitation anomaly maps (mm/day) for DJF associated with La Niña events (composites using data for 1991-1992, 1997-1998 and 2002-2003 and average for 1990-2006) as simulated by Cordex RCMs, compared against the Observational data sets (GPCC, UDEL, CRU) and the reanalysis data (ERAINT). Negative anomalies are indicated by dashed contours and positive anomalies are bounded by solid contours.


Summary and Conclusions
In this study, the Cordex RCMs were analysed for their ability to capture and characterise rainfall patterns over southern Africa region during the period 1990-2006. The ensemble consists of ten different RCMs all run at ~50km resolution, on a common grid and driven by the ERA-Interim reanalysis for the period 1989-2008. Data were provided on monthly time scale. Performance of the individual models and the ensemble average is evaluated seasonally in terms of correlation, variability and root mean square error in three sub-regions that spanned tropical, sub-tropical and mid-latitude rainfall regimes. Model precipitation biases were examined spatially and an attempt was made to relate these biases to circulation biases. We also investigate the rainfall response to the ENSO signal.

The GPCC rainfall dataset was used as the reference dataset although it is recognised that the area averaged interannual variation of monthly mean precipitation across the different observational data sets varied and in some cases this variation was large. In some regions the observational differences were as large as the multi-model ensemble mean bias. This highlights the challenge in Africa of the lack of high quality observation data sets at suitable temporal and spatial resolution necessary for evaluating RCM simulations. We agree with the suggestion of Nikulin et al. (2012) to consider an ensemble mean approach to observational datasets, although this may limit the observational period to post-1998 to include the satellite based TRMM and GPCP data.

The above issues notwithstanding, we used the GPCC data as the reference dataset for an assessment using Taylor diagrams in three area averaged regions defined by rainfall regime. This showed that in all three regions the ensemble average outperformed individual model results in all seasons for correlation, standard deviation and RMSE. In sub-region 1, which primarily experiences tropical and sub-tropical rainfall, during the wet season (DJF) the models are able to capture the phase of interannual variability well and the ensemble mean is generally more closely correlated with the GPCC than the other observational datasets. However, most models tend to systematically underestimate the magnitude of the interannual variability relative to GPCC. In sub-region 2, a primarily sub-tropical rainfall regime, the spread between the observational datasets is smaller in all seasons. As seen in sub-region 1, there is also a systematic underestimation in the magnitude of the interannual variability relative to GPCC by most models in the wet season, however, here the ensemble mean has a lower correlation with the GPCC. In sub-region 3, which experiences winter rainfall, models again underestimate the magnitude of the interannual variability, a characteristic shared with the other observational datasets, but there is good correlation between the ensemble mean and the GPCC. In terms of individual models in this analysis, the ARPEGE51 model generally performed better than other models and in many cases was comparable to the ensemble mean, however, the ensemble mean generally outperformed the results from individual models. It is also noted that the ensemble mean improves on the ERA-INTERIM in the north of the domain in removing the wet bias over Angola and lowers the magnitude of the dry bias over northern Mozambique. However, there is no improvement over the ERA-Interim rainfall over Lesotho and the surrounding highlands.

Model biases were assessed across the southern African domain and during the wet season (DJF) most models under-simulated precipitation in the north eastern
 region of the domain. Higher precipitation biases are found in the south eastern
 parts of the region, especially over regions of high topography. In the winter rainfall region most models to a greater or lesser extent underestimated precipitation. Although different models exhibited different biases, the multi-model ensemble mean again outperformed individual models. 

Model biases were related to large scale circulation anomalies and where positive rainfall anomalies were noted, corresponding low pressure biases and moisture transport into the region could be inferred. Over regions of high topography (e.g. Lesotho, Drakensberg) most models had a wet rainfall bias during DJF which is likely a result of a combination of orographic uplift and moisture flow into the region. Dry biases over the northern parts of the domain were evident in 7 of the 10 models and these biases may be related to a westward shift of the ITCZ through enhanced trade winds and surface pressure anomalies.

The capability of Cordex RCMs to capture the seasonal variability in precipitation related to ENSO events was also assessed. The models are found to simulate the drier than average conditions observed during El Niño events over most of southern Africa reasonably well, though the magnitude and the extent of the wetter conditions observed in the northern part of Mozambique is somewhat reduced. The positive precipitation anomaly in the central and eastern part of the domain observed during La Niña events is also captured by most models, though in some areas the full magnitude of the wetter conditions is not simulated. Over South Africa the spatial extent of the wetter conditions observed during is La Niña years is exaggerated in almost all models.

On average all RCMs capture the main features of the seasonal mean rainfall distribution and the seasonal and annual cycle. However, large biases can be found in individual models depending on the region and the season, as has also been found in earlier multi-model studies (Druyan et al., 2010
; Paeth et al., 2011
). These biases could to some extent be related to circulation characteristics. Nikulin (2012) points out that for many of the downscaling groups this was the first time downscaling over Africa where land-convection interactions play a leading role in defining details of the precipitation climate. The multi-model average generally out-performs any of the individual models with biases of similar magnitude to differences between the observational data sets and in some regions is lower than the reanalysis bias. This is largely a result of cancelation of opposite signed biases across the models and highlights the importance of working in the context of multi-model ensembles when simulating and assessing southern African climate characteristics. The biases could be related to some degree to the circulation characteristics but this was not properly explorable due to the unavailability of relevant data.

The group of RCMs employed in this study and others will soon perform transient climate change downscalings within Cordex forced by coupled GCM results from CMIP5. These data will be made available through a data repository and will be in a common format (see Giorgi, 2009). This study has assessed of the ability of RCMs to simulate southern African climate based on a number of factors and we conclude that the regional models used here can be used for the assessment of future climate projections. We also suggest that they are likely to improve on raw GCM diagnostic output such as rainfall as well as their prognostic drivers.
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