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1 Introduction 

 

Global and regional projections of climate are the primary information source for assessing climate change 

impacts. Uncertainty in climate change projections is a major concern in planning adaptation measures in 

response to climate change. Too little or too much adaptation could be costly and endanger lives and 

property, possibly inhibiting flexibility for future adaptation. Uncertainty in climate projections arises mainly 

from five components; the non-linear character of the climate system, future emissions of greenhouse gases, 

internal variability, model parameterization and model structural uncertainty (uncertainties in the numerical 

formulation of models). Internal variability leads to short-term uncertainty on the decadal time-scale whilst in 

addition future emissions and model structure lead to uncertainty on the multi-decadal scale.  

 

Model structural uncertainty is due to the fact that General Circulation Models (GCMs) are representative of 

the climate system, based on the same equations of motion, but each using different but equally plausible 

representations of climate processes to produce different projections of the future.  Climate models only 

include processes and mechanisms that influence climate and are well understood. The progression towards 

more complex Earth system models, which include bio-geochemical processes in all compartments of the 

Earth system (atmosphere, land and ocean) in addition to the physical processes of climate models has 

occurred in line with improved observations and a subsequent greater understanding of detailed processes.  

 

This project is using the SRES A1B scenario and is thus only one future possible scenario of change, 

particularly as this scenario contains no mitigation. Further to this, regional change can be strongly affected by 

regional processes and feedbacks such as land-use change and aerosol emissions. It might be the case that 

greenhouse gas emissions follow the SRES scenario but the regional climate signal is modified by regional 

processes having a significant impact on the climate of India. 

 

On downscaling from global models (grid size ~100km) to regional scales (grid size ~25km) the simulation 

becomes more sensitive to detailed processes and surface properties. Global projections provide the 

boundary conditions for the regional models and so, the large-scale forcings of the regional simulations are 

dependent on the reliability of the global model simulations. Historically confidence in climate projections is 

founded in two characteristics; the ability of the models to reproduce observed climate, variability and trends; 

and the degree of agreement with other model’s climate projections.  

 

This project is aiming to simulate the changing water resource of the Ganges basin. Consequently, we assess 

the uncertainty of the climate models through their spread in the average climate properties across this 

localized region (Figure 1). The selected region considers a larger area than the Ganges watershed due to the 

course resolution of many GCMs that preclude a very small-scale analysis. The choice of grid is therefore a 

compromise between GCM resolution and the socio-economic relative scale of impact. 

 



 

 

 

Figure 1 Domain used for the HadRM3 regional climate model runs of the region (blue box). The shaded 

region is the Ganges sub-area considered in this study. 

 

The aim of this report is not to be a full analysis of climate model uncertainty intended for climate scientists but 

to make this relevant to impact modelers and social scientists. This report therefore provides relevant advice 

to the hydrological modelers on the available climate scenarios, as well as to inform adaptation strategy on 

the uncertainty in future climate and therefore the uncertainty in adaptation strategy. This report therefore 

focuses on precipitation and runoff as these are  the dominant drivers of changes in water resource. 

 

Section 2 summarizes the main methods to determine the model uncertainty in GCMs. Section 3 discusses 

the current capabilities and uncertainties regarding the climate of the region of Central Asia and Section 4 

outlines the work done using multi-model ensembles to assess uncertainty in climate projections. Section 5 

discusses the available observations. Section 6 describes the regional climate model runs using HadRM3 and 

REMO completed for the HighNoon project driven by, ERA-Interim (Simmons et al, 2010), Echam 5 (3rd 

realization, Roeckner.et al. 2003; Hageman et al., 2006) and HadCM3 (Gordon et al. 2000; Pope et al. 2000; 

Collins et al. 2001).  



 

 

2 Model uncertainty in GCMs 

General Circulation Models (GCM) provide an estimate of how climate may change in the future. One model 

simulation provides one representation of climate but with no indication of uncertainty. Using a range of 

different model simulations provides a better understanding of how the difference in model formulation can 

lead to uncertainty in the projections.  Two possible ways of producing an ensemble of climate models are 

currently used; one is to use a multi-model ensemble (MME) where many modeling centres contribute their 

GCM simulations, for a particular CO2 emissions scenario, to produce a range of future climates. Another 

approach is to perturb physical parameters and produce a range of future climates based only on one climate 

model, this is called a Perturbed Physics Ensemble (PPE).  

 

The PPE approach enables modeling uncertainties to be sampled systematically by perturbing uncertain 

parameters (Collins et al, 2006). The Met Office Hadley Centre has run a 17-member perturbed physics 

ensemble called ‘Quantifying Uncertainties in Model Projections’ (abbreviated as QUMP) based on the 

HadCM3 global model; this was done as part of the UK Climate Projections (UKCP09, Murphy et al, 2009). 

This project aimed to make a full assessment of the climate uncertainty around adaptation options in the UK. 

This project could be seen as what we are aiming for, however we are constrained by the lack of long-term 

observations for India as well the relative small RCM ensemble of 4. 

 

The aim here is to assess the RCM ensemble against the IPCC AR4 models (Meehl et al., 2007), and 

compare all models against available observations. To have confidence in a particular model ideally the model 

would closely reproduce the regional climatology within the errors of available observations as well as 

reproducing the observed historical trends. This is often difficult to do due to the short-length of observations 

and the large spatial variability in precipitation, particularly in mountainous regions, which gauge networks are 

often not dense enough to capture. As is often the case, regional climate is very uncertain with low signal to 

noise ratio, i.e. the climate change signal is small compared to natural climate variability. Further to this 

precipitation change is often more uncertain than temperature change as it is very closely related to circulation 

change.  

3 Modelling of Asia Climate; Current and Future 

The simulations of the current climate for the region of Asia for precipitation and surface air temperature are 

reasonably close to observations for annual cycles; the precipitation cycles for summer (June, July, August) 

and winter (December, January, February) are particularly good for South East, Southern and Central  Asia. 

There are small biases in the temperature over southern Asia and the Indian Ocean (Falloon, 2009). High 

resolution GCMs and Regional Climate models (RCMs) show improved skill compared with low resolution 

GCMs for this region. Ensemble runs of the 50km resolution PRECIS model showed significant improvements 

in the representation of regional processes over South Asia including the monsoon (Rupa-Kumar et al., 2006; 

Kusunoki et al., 2006; Gao et al., 2006) and highlighted the improvement in the simulation of the East Asian 

monsoon as a result of increased horizontal resolution.  



 

 

 

The RCMs exhibit improvements compared to GCMs for the simulation of present day climate, for example 

improved simulations of the monsoons over southern and eastern Asia and representation of precipitation 

over South Eastern and North Central Asia. Improvements have also been shown in the Tibet region, but 

further observations in this region would benefit model validation (Gao et al., 2003a and 2003b; Zhang et al., 

2005). There are still uncertainties in the simulations of current climate, for example in the variability of 

precipitation for south eastern Asia and in the representations of the large scale oscillations, such as the 

Madden-Julian Oscillation (MJO) and the El Nino Southern Oscillation (ENSO). 

 

Over south Asia (SA), several GCMs studies are available with a focus on the Indian monsoonal region (which 

covers the Ganges domain - GD) and most of them have concluded that GCMs have difficulties in simulating 

the mean monsoon climate of SA. GCMs because of their course resolution (~300-200Km: Figure-10) show 

limitations in simulating the complex orographic precipitation over India (Sperber and Palmer 1996, Giorgi 

2002, Kang et al. 2002, Douville 2005). The IPCC AR4 exercise has provided a comprehensive set of models 

for climate studies (Figure 2). The present day climate simulated by a set of 22 IPCC AR4 shows large cold 

and wet biases when compared to observations over south Asia. The multi model mean temperature cold bias 

is ~ 1.5 0C whereas an individual model analysis shows that this bias is of the order of 6-7 0C in the some 

models. The precipitation bias is less compared to temperature. However, limited observations over this 

region restrict the proper validation of the models. IPCC multi model projection under A1B scenario projects 

an overall increase in annual mean precipitation over SA and GD too. The major agreement among GCMs is 

over major parts of Indo-Gangetic belt and Himalayan mountainous region where nearly 75% of models 

project an increase in mean annual precipitation and nearly 30% suggest a decrease over NW India (Figure 3, 

IPCC2007). IPCC GCMs control climate simulations show cold temperature over south Asia but warmer over 

GD, whereas projected surface temperature suggest a warmer climate. The land is getting warmer than the 

ocean and will lead to an enhancement of land sea thermal contract in summer and weaker in winter. The 

Monsoon dynamical circulation is likely to be weaken under A1B the warming scenario towards the end of 

21st century (Ashrit et al. 2003, Ueda et al. 2006) but increase in GHG forcing and consequent rise in 

temperature leads to larger moisture fluxes and hence leads to more precipitation. The analysis of a set of 18 

IPCC AR4 GCMs Annamalai et al. (2007) shows that only 6 GCMs were able to capture the pattern 

correlation of precipitation and have smaller root mean square difference with observations over SA (7N – 

30N & 65E – 95E) and also over a larger monsoon domain (25S – 40N & 40E – 180E). Kripalani et al. (2007) 

in their analysis of IPCC AR4 22 GCMs over SA (5N – 35N & 65E – 95E) have reported that only 7 models 

were able to capture the mean annual cycle, shape and magnitude close to observations. Annual cycles of 

precipitation of some selected models are similar to the observed ones but have spatially substantial 

quantitative biases. 

 



 

 

 

Figure 2: Percentage change in annual mean in each of the 21 separate AOGCMs 2080-2099 relevant to 

1980-1999 under the SRES A1B scenario1 (Figure 11.15SM Reproduced from Christensen (2007)). 

 



 

 

Figure 2 is an IPCC figure showing the large uncertainty in the annual average precipitation change over the 

21st century in the AR4 multi-model ensemble. Some models indicate an increase whilst other models indicate 

a decrease in precipitation over the Ganges. The uncertainty is related to simulated changes in the dynamic 

flow over the region (increasing flow generally increase precip in the region and decrease vice versa) as well 

as a thermodynamic effect where warmer air contains and transports more moisture. There is a huge 

uncertainty in the dynamic response of GCMs in the Indian region, and in some cases these models do not 

simulate well the current dynamic flow. Therefore not all models can be considered equal in their ability to 

simulate a change in regional precipitation. Figure 3 summarizes the AR4 models, and shows that there is 

little or no agreement in winter precipitation over the Ganges, with a slight tendency to wetter summers. 

 

 

Figure 3 . Temperature and precipitation changes over Asia from the MMD-A1B simulations. Top row: Annual 

mean, DJF and JJA temperature change between 1980 to 1999 and 2080 to 2099, averaged over 21 models. 

Middle row: same as top, but for fractional change in precipitation. Bottom row: number of models out of 21 

that project increases in precipitation. (Fig 11.9. Reproduced from Christensen (2007). 



 

 

4 Regional Model simulations for India 
 
This section discusses the role of RCMs in downscaling GCMs to the impact scale as well as the associated 

uncertainties and physical reasons why we would expect RCMs to give better regional simulations. 

 

The regional configuration of the Met Office Hadley Centre Climate model (as used in the applications 

wrapper – PRECIS) HadRM3P (Jones et al. 2004), has been run for the period from December 1989 to 

December 2060 for the region of India and the Himalaya (the model domain is shown in Figure 1.) The 

configuration of HadRM3P used in these simulations has a resolution of 25km, 19 vertical levels and includes 

MOSES II (Met Office Surface Exchange Scheme), a tiled land surface scheme (Essery et al. 2001). Each of 

the regional simulations has used boundary conditions from a different GCM; HadCM3 and Echam5 (third 

realization) and the SRES A1B scenario (Naki� enovi�  et al. 2000) for the future emissions. Another separate 

simulation has been run for comparison over the same domain for the period 1989 to 2009 using boundary 

conditions from ERA-Interim data (Simmons et al, 2010).  

 

The regional configuration for REMO is 0.25 degrees over a similar domain shown in Figure 1. More details 

on REMO are given in 5.4.  

4.1 Model uncertainty in dynamic downscaling 
Precipitation downscaling improves the coarse resolution and poor representation of precipitation in global 

climate models and helps end users to assess the likely hydrological impacts of climate change.  

 

The relative roles of these different sources of uncertainty depend on the time scales under consideration. On 

decadal time scales, the climate change signal is small compared to natural variability, such that uncertainty 

caused by initial conditions and natural forcing dominates. Memory, and thus predictability, of natural 

variability on decadal time scales is generated by the oceans. However, because of limited availability of 

(deep) ocean data to initialize the prediction, predictability is, in practice, limited. Research on decadal climate 

predictions is just emerging [e.g., Collins et al., 2006; Smith et al., 2007; Keenlyside et al., 2008], and no 

regional climate predictions on decadal scales exist. As natural decadal variability increases with decreasing 

spatial scale, the extent to which regional decadal predictions are possible is largely unknown. 

 

4.2 Physical processes in dynamic downscaling 
Regional models tend to overestimate the net surface energy budget, the biases imply a wrong energy 

partition between sensible and latent heat fluxes. An overestimation of the latent heat flux leads to soil 

moisture content effectively limiting evapo-transpiration thus allowing warmer (and even too warm) 

temperatures in some regions. This is only partly true for mountainous regions, where the lower soil moisture 

content and the reduced vegetation cover naturally limit the latent heat flux. 

 



 

 

With respect to precipitation, biases in the simulated amounts are naturally expected from biases in sensible 

and latent heat fluxes. This is especially true for episodes with weak synoptic forcing from the climate model, 

since the regional model strongly relies on the simulation of its energy and water cycles. 

 

Over the topography and/or under strong synoptic-scale forcing, the forcing indeed ensures a deep lifting of 

the moist unstable air (Hohenegger et al., 2009). The important role of land-surface processes for a sound 

simulation of the summer climate and of precipitation in particular has been highlighted in numerous studies 

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

 

In convection resolving models (~1km resolution) there is a negative feedback between soil moisture and 

precipitation, as strong thermals from dry soil break through the stable layer overlying the boundary layer 

generating precipitation from overlying moist air. In 25-km integrations, deep convection is much less sensitive 

to soil moisture, because of the design of the convective parameterization. Consequently, the regional models 

tend to develop a more positive soil-moisture precipitation feedback with soil drying. Clouds, and especially 

shallow low-level clouds which do not precipitate, represent another critical factor in the feedback loop. They 

contribute to the stabilization of the boundary layer and to a reduced surface warming, and in this sense 

favour the development of a negative feedback. Global and Regional climate models can have either negative 

or positive soil moisture feedback on precipitation, depending on the spatial resolution and parameterization of 

cloud physics. 

5 Observations 
 
Observation data are essential to evaluating model performance. In this analysis we use a number of high 

resolution datasets to assess both the uncertainty in the observations as well as the model performance. In 

particular we focus on precipitation as this is the more spatial variable than temperature as well as more 

relevant to the water resource objective in this study. We use two high resolution datasets (APHRODITE and 

GPCC (See Appendix 1. for references and product details) at 0.25 and 0.5 degree resolution, as well as two 

courser resolution products to expand the ensemble (CMAP and GPCP at 2.5 degrees). The uncertainties 

associated with observed precipitation are potentially large primarily due to known gauge undercatch errors 

(which are often corrected in post-processing) as well as the high spatial variability of precipitation which is 

often statistically undersampled. This undersampling could lead to an underestimation of precipitation in 

regions of highly variable orography if there is a bias in gauge location. In this study we focus on the 

APHRODITE data as this contains the most comprehensive set of observations in the Nepali region and thus 

may be expected to best represent the Ganges region given the relative importance of the high altitude 

region. However, this dataset contains significant areas of little or no (see Figure 7) or no gauge stations. In 

addition this product is not designed to reproduce a climatology, but rather the best estimate of daily 

precipitation. Thus no attempt is made to infill data gaps.  

 

We use the CRU (0.5 degree resolution) data set to evaluate the model performance at simulating 

temperature.  



 

 

 

6 Results 
 

In this analysis we investigate the uncertainty in the area averaged simulated regional climate of the Ganges 

region (Figure 1).  In particular we will assess the contempory model simulations from 1989-2004 against 

observations (data period of model and available observations), then consider the implications for the quality 

of the future simulations from 2000-2050. In addition to commenting on the performance of the HadCM3 and 

Echam5 models, used to drive the regional models, we also look at the Miroc Hi-res model which is the only 

IPCC  AR4 model with a global spatial resolution (40km) comparable to the regional models (REMO and 

HadRM3P). 

6.1 Near Surface temperature 
The AR4 climate model simulations for the region encompass the observations (Figure 6), and show a 

projected temperature rise of 1-4ºC between 2000 and 2050. The model with the least temperature rise is 

Echam5 whist HadCM3 and Miroc Hi-res have the largest temperature changes. Thus the regional models, 

forced with HadCM3 and Echam5 are encompassing the full regional uncertainty of temperature change. The 

best fit to the observations is from Echam5.  

 

The regional model simulations of HadRM3 and REMO (forced by Echam5 and HadCM3) are colder than the 

global models by 1.5 ºC, although the temperature trends are similar. The RCMs appear to validate poorly 

versus the CRU observations, although they may still be within the observation error bounds. A cooler surface 

temperature than the coarse resolution driving model can be a a consequence of higher resolution resulting in 

a stronger latent heat flux, increase low cloud cover or a more stable boundary layer. To investigate this we 

look at the precipitation. 

There is a consistent trend amongst all the models to a future warming. This is a much clearer trend than is 

seen in precipitation. 

 



 

 

 

Figure 6. The annual mean temperature in the region for the global AR4 models (grey), with HadCM3 (red) 

Echam5 (blue) and Miroc Hi-res highlighted. Also shown are the ensemble of regional model simulations and 

observations (CRU) in black. Curves are smoothed by a 30-year Gaussian weighted algorithm and are for 

land only. 

6.2  Precipitation 
The regional average annual mean precipitation is shown in Figure 7 and 8.  We see that unlike with 

temperature (Figure 6), the three global models were clustered in the middle of the AR4 ensemble, here the 

three models encompass the AR4 ensemble. HadCM3 produces the least annual rainfall and Miroc Hi-res 

produces the most with 50% more precipitation than HadCM3. The spread in the different observational 

datasets, which are gridded and hence contain temporal and spatial sampling uncertainty, is approximately 

20%. Echam5 and Miroc Hi-res simulations both produce precipitation amounts within the observational 

uncertainty. 

 

The interannual and decadal variation in precipitation is considerable, however, HadCM3 and Miroc Hi-res 

both show a trend of increasing precipitation later this century whilst Echam5 does not.  The two characteristic 

trends are evenly split across the AR4 models. However, even in models which display the upward trend, 

because of a large decadal variability the trend is not statistically significant by 2050.  

 

The regional model simulations, from HadRM3 and REMO, produce a higher annual mean precipitation than 

both the observations and the global models. This is consistent with a stronger hydrological cycle in the 



 

 

regional models. A greater availability of water at the surface drives more evaporation and a cooler surface 

temperature. This is consistent with the cooling effect of the RCM compared to the GCM shown in 6.1 

 

The regional model simulations of HadRM3 and REMO, driven by HadCM3, Echam5 and ERA-Int produce 

similar but not identical simulations of precipitation for each driving climate model. In a general sense the 

precipitation time series follows that of climate model forcing, but approx. 40% stronger. That two regional 

models with different physics, surface parameterizations and initial conditions can produce such similar results 

is remarkable. It implies that the precipitation is controlled by the driving model and orography and not by the 

surface characteristics such as albedo and vegetation type. This is also shown in Figure 7 where it can be 

seen that the models produce very similar patterns of precipitation distribution, but differing magnitudes, that 

correspond to the regional orography. However, the differing magnitude of projected precipitation may have 

implications for the simulated hydrology. 

 

That both models also produce an identical (40%) amplification of precipitation amount above the driving 

GCM, suggests that this is a function of the process of dynamical down scaling from GCM to 25km regional 

models and is robust between the two models, although this doesn’t necessarily imply confidence in the 

down-scaling. 

 

 



 

 

 

Figure 7: Precipitation patterns from the RCM ensemble and the Aphrodite and GPCC observations. The 

bottom right figure shows the average number of valid stations contributing to the gridbox mean precipitation 

(see Yatagai et al., (2009) for details). 

 



 

 

The analysis so far has shown that the downscaling has produced consistent results between the RCMs with 

the dominant uncertainty coming from the forcing GCM. Ideally, it would be possible to conclude which is the 

preferred model by comparing the downscaled model results with observations. In particular, if the model is 

within the observation uncertainty estimates and reproduces the trend then we can have confidence in one 

model compared to another. However, as can be seen in Figure 8 the observations records are generally 

short and the RCM simulations do not overlap. The uncertainty in the ensemble of observations does not 

imply increased confidence in model, but the ECHAM5 driven RCM simulations are on the edge of the 

distribution. However, when examining the Aphrodite data in more detail (Figure 7) it can be seen that there 

are virtually no observations in the regions that the RCMs have a large bias in precipitation. However, there is 

a consensus that increasing resolution of observations leads to a greater precipitation estimate.  

 

 

Figure 8 Annual area averaged precipitation time series for the Ganges-Brahmaputra region. AR4 models 

(grey) highlighting HadCM3 (red), Echam5 (blue) and Miroc Hires (green). Also shown are the regional model 

ensemble and a range of observational data sets. Curves are smoothed by a 30-year Gaussian weighted 

algorithm. 

 
 

The projected precipitation response to the A1B scenario for our chosen GCMs and RCMs span the range of 

increasing to no change in annual mean precipitation. However, the trends are not statistically significant. 

Given that the magnitude of the RCM response is similar to that of the GCM and the models do a reasonable 

job of the current period it is not possible to say with any certainty whether precipitation will increase or 



 

 

decrease in the future. Neither is it really possible to say whether this is outside the range of natural variability 

by 2050 given the short length of observations to evaluate natural variability and the relatively small 

magnitude of change to natural variability. 

 

To summarise some of the AR4 models seem to do a poor job of simulating annual mean precipitation and 

the lower resolution models tend to be low for precipitation compared to observations, whilst the RCMs seem 

to be high. However, the uncertainty on the observations does not exclude any model particularly given the 

lack of gauges within the Aphrodite data. The uncertainty of future precipitation ranges from little change to 

either an slight increase. The natural variability is generally large compared to any signal and should be 

considered in any assessment of adaptation option. For an study of the regional patterns of precipitation see 

Appendix 2. 

 

6.3 Runoff 
We include runoff here because it is the variable most closely related to water resources. However, none of 

the simulations include glaciers and there are reasons why we wouldn’t expect GCMs, as well as RCMs to a 

lesser extent, to get the surface hydrology correct. However, as a precursor to the hydrological model 

assessment it is a useful variable to analyse.  

 

The annual mean runoff for the Ganges region, excluding runoff from glaciers, is shown in Figure 9.  The 

simulations follow the precipitation patterns with Echam5 showing a slight decrease in runoff, and HadCM3 a 

slight increase, over the 21st century.  The AR4 ensemble shows a large range in runoff from 5000 – 60000 

m3s-1- HadCM3 lies in the middle and Echam5 at the upper end of the range.  As we saw in section 6.2, the 

regional models generate a 40% increase in precipitation over the driving climate model, which translates to a 

two-fold increase in runoff.  In the case of HadRM3 driven by HadCM3 a distinct increasing trend in runoff is 

simulated between 2000 and 2060. The AR4 models that simulate higher runoff tend to suggest a future 

increase in runoff. Models with a high annual mean precipitation show a high runoff. As with precipitation the 

runoff shows an uncertainty varying from little or no future change to a future increase. 

 



 

 

 

Figure 9: Area average annual runoff time series for the Ganges region for the AR4 models overlaid with 

Echam 5 (blue), HadCM3 (red) and the regional models (Runoff is not a standard diagnostic available from 

REMO). Curves are smoothed by a 30-year Gaussian weighted algorithm. 

 

7 Conclusions 
 
There is increased precipitation and runoff in the regional models, over the global models. The increase in 

water available for evaporation, acts to cool the surface with a resulting cold surface temperature bias.  

 

The RCM simulated temperature seems to validate more poorly against observations than the driving global 

model. Although it is not possible to conclude that dynamical downscaling is not improving area-average 

precipitation. RCM simulated precipitation cannot be said to validate better than the the driving models. 

However, from analysis of the AR4 multi-model ensemble as well as the RCM ensemble it appears there is 

confidence in a trend towards increasing temperature under the SRES A1B scenario. For precipitation and 

runoff the uncertainty is much larger, with significant natural variability, spanning the range no change to a 

slight increase by 2050. These findings are consistent with those published elsewhere (Ahktar et al., 2010).  

 



 

 

The range of uncertainty expressed in the AR4 model ensemble is encapsulated in the differences between 

Echam5 and HadCM3. Thus, as driving GCMs for the regional models they are good choices for use in this 

project. 

 

The uncertainty in the projected regional precipitation (and runoff) using RCM simulations is dominated by  

model uncertainty and a strong natural variability. As a consequence it is not possible to confidently predict a 

neutral or an increasing trend up to 2050. 
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Appendix 1: Observation Data sets 

High resolution observation datasets from a range of sources have been used to examine the ability of the 

different RCM domains to represent the current climate of the Ganges basin. Two lower resolution 

precipitation datasets (CMAP and GPCP) have additionally been used to build an ensemble of precipitation 

observations for the region.  

 

ID Dataset Name Resolution Variables Source 

Temperature 

CRU Climate Research 

Unit TS2.1 

0.5° x 0.5° Precipitation, 

temperature 

Mitchell and Jones, 2005 

Precipitation 

1° x 1° Precipitation Rajeevan et al., 2006 

0.5° x0.5° ‘’ Rajeevan and Bhate, 

2008 

IMD India Meteorological 

Department 

1° x 1° temperature Srivastava et al. 2008 

APHRODITE APHRODITE project 

V0902 dataset for 

Monsoon Asia 

0.25° x 0.25° Precipitation Yatagai et al., 2009 

GPCC-Hires GPCC 0.5° x 0.5° Precipitation http://gp cc.dwd.de/ and 

additional references (see 

below) 

CMAP CMAP… 2.5° x 2.5° Precipitation Xie and Arkin,  1997 

GPCP GPCP… 2.5° x 2.5° Precipitation Adler et al., 2003 
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Appendix 2: Case studies using REMO 
 
In this section the uncertainty associated with the regional model REMO has been assessed in detail over the 

Ganges domain (21.125N to 31.875 N and 73.125 E to 91.875E). 

A2.1 Model description 
The REgional MOdel (REMO) is a three dimensional hydrostatic atmospheric circulation model which solves 

the primitive equations of the atmospheric motion. REMO (Jacob 2001, 2009) is based on the combination of 

two models: the dynamical core and the discretisation in space and time have been taken from European 

Model (the former weather forecast model of the German weather service) and the physical parameterizations 

are from ECHAM4 (GCM of MPI).  

 

REMO was run in climate mode with a horizontal resolution of 0.220 X 0.220 (~25 Km). In the climate mode, 

the model has to be initialized once and uses surface parameters over land, SST over ocean and varying 

lateral boundary values during the whole simulation. The update of the lateral boundaries has a temporal 

resolution of 6 hr. and is interpolated into a 120 minute time step. The model domain over South Asia is 

60.125E - 100.125E and 4.125N – 40.125N, with 27 vertical levels (i.e. 181 x161 grid points). Figure-A2-1 

shows the domain as well as the highly complex topography of the region.  

 

 

Figure A2-1: GCM and RCM(REMO) topography with diff erent horizontal resolution over the Ganges 

domain . 

 

A2.2 Results 
In this study, we look at the surface climatologies of two IPCC AR4 GCMs ECHAM and HadCM3 as they have 

been used to drive the RCM. Mean annual precipitation for the present day climate is depicted in Figure A2-2 

(upper panels). It is evident that both GCMs have limitations in simulating the magnitude of the mean spatial 

pattern e.g. excess precipitation over east coast of the Ganges domain and then sharp decrease towards the 

NE India and also over the foot hills of the Himalaya. In particular, HadCM3 is simulating less precipitation 

both over plains of north India and mountainous Himalayan region while comparing to the observations 



 

 

(APHRO and IMD), whereas ECHAM is showing higher precipitation over mountainous region. This may be 

primarily due to the course resolution of the GCMs as heavy precipitation over the region is mainly initiated 

through the steep topography of the region. The surface temperatures simulated by both GCMs are depicted 

in Figure A2-2 (f, g). The GCM mean annual climate is showing warm biases (especially ECHAM5) over the 

Ganges domain when compared against the IMD observations (Appendix 1). 

 

In figure A2-3 shows the projected change in precipitation by the period 2001-2020 with respect to period 

1970-1999. It might appear that HadCM3 indicates an overall increase of ~5% whereas as ECHAM5 shows a 

more mixed pattern. Since an ensemble mean of models can produce a more reliable sense of trends, we 

display the mean of the HadCM3 and ECHAM5 GCMs. The mean sums up an over all increase over the 

Ganges domain with major increase over Indo-Gangetic belt (5-20%). A similar behaviour was noticed for the 

second projected period 2021-2050 with respect to the control simulation (Figure A2-4). However, as 

mentioned in Section 6.2, this type of analysis is subject to considerable decadal variability and associated 

uncertainty. 

 

GCMs surface temperature suggests as uniform increase of 0.50C through out the domain (figures A2.5 and 

A2.6). The warming is more pronounced over the Himalayas than the Indo-Gangetic region.  

 

 

 

Figure A2-2: Mean annual precipitation (mm/d) in upper panel and 2m temperature (0C) in the lower panel. 

Showing the climatology of climate models and observations (Aphrodite, IMD) for the period 1970-1999. 

REMO_ERAI for the period 1989-2008 

 



 

 

 

 

Figure A2-3: Spatial pattern of annual mean precipitation change  (%) with respect to the control climate 

(1970-1999) over Ganges domain. Top panels represent the GCMs (HadCM3 and ECHAM5) and their 

ensemble mean and bottom panels REMO for 2001 to 2020. 

 



 

 

 

Figure A2-4: Same as Figure-12 but for the period 2 021-2050 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

Figure A2-5: Spatial pattern of annual mean tempera ture change (°C) for the period 2001-2020 with 

respect to control climate (1970-1999) over Ganges domain. Top panels represent the GCMs (HadCM2 

and ECHAM) and their ensemble mean and bottom panel s REMO. 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

Figure A2-6: Same as Figure-14 but for the period 2 021-2050 

 

 

 

As for GCMs, the model quality of RCMs needs to be analysed before addressing climatic changes. For this 

purpose RCMs are forced by the ERA-Interim re-analyses data, which many consider to be ‘truth’. A 

qualitative verification of the ERA-Interim forced REMO, and the mean of the GCM forced REMO, against 

Aphrodite precipitation and IMD temperature observations is shown in figure A2-2. ERA-Interim depicts 

greater rainfall in the Himalayan foothills and the southern part of the domain, than suggested by the 

Aphrodite observations. However, it is uncertain how well the Aphrodite rain gauge network captures extreme 

rainfall events. When REMO is driven by the GCMs, the precipitation pattern matches more closely to the 

observations, except in the high Himalaya. Here the precipitation is greater than indicated by the sparse 

network of rain gauges (Figure 7). Initial studies suggest that the wet bias over the southern part of the 

domain may be due to strong circulation anomalies at low altitude during the monsoon season (accounting for 

70-90% of the annual rainfall) leading to excess of moisture over the region and hence resulting in high 

precipitation rates over the region.  

 

Mean annual climatologies of the surface air temperatures (1.5m) simulated by the model are depicted in 

Figure A2-3. REMO driven by ERA-Interim and the GCMs show some skill in capturing the observed pattern. 

ERA-Interim shows a warm bias along the Ganges, whilst the GCMs show a general cold bias The bias in 



 

 

REMO is not coming from the driving GCMs as they are generally warmer than observed. The RCM is able to 

generate its own climatology and is reducing large temperature biases present in the GCMs presumably 

through higher evapotranspiration. In a dry climate the evaporation rates are sensitive to soil moisture (Randel 

et al., 2004). This is likely due to the lack of representation of irrigation in the models (Saeed et al., 2009) or 

due to weak dynamical turning of the lower tropospheric winds. 

 

RCM Future Projections: Precipitation 

Future climate projections under A1B scenario over Ganges domain for two time slices (i) 2001-2020 and (ii) 

2021–2050 with respect to control climate 1970-1999 are presented in this section. Both HadCM3 and 

ECHAM driven simulations as well as their ensemble mean (Figure A2-3, lower panel) suggest a mixed 

projection in precipitation pattern over Ganges domain for the first time slice. Such a signal is consistent with 

decadal natural variability. The major agreement among the RCM simulations is over Indo Gangetic belt and 

almost whole Himalayan region where a decrease is project of the order of 10-25% towards the end of 2020 

and increase over NW and southern part of the Ganges domain by 5-20%. For the second time slice, the 

pattern of these projection (Figure A2-4, lower panel) are more or less same as first period but the magnitude 

of the decrease towards the end of 2050 is reduced over Indo-Gangetic belt and increased over Himalayan 

region. The RCM projections are very different to the driving GCMs which projected overall increase in both 

time slices. It is not clear if the RCMs are adding value to the trends, with higher resolution, or increased local 

natural variability. 

 

RCM Future Projections  Surface Air Temperature 

Both RCM simulations and their ensemble mean suggest an over all widespread warming throughout the 

domain  of the order of 0.60 to 1.20 C (Figure A2-5 , lower panel), for the first times slice with respect to Ctrl. 

The warming is more pronounced over the Indo Gangetic belt than the in the Himalayas. For the second 

projected period 2020-2050 the warming is enhanced to 1.20 to 20C and is more or less uniform throughout 

the region (Figure A2-6, lower panel).  

A2.3 Conclusions 
 

This qualitative model uncertainty study discusses the projected change in patterns of precipitation and 

temperature over the Ganges region. We have compared the global models ECHAM5 and HadCM3 and the 

REMO regional climate model. 

 

The ensemble mean study suggests that GCMs were able to broadly simulate the mean annual climatology of 

surface parameters. Under the A1B scenario they suggest a widespread warming (1.50C) and perhaps an 

overall increase in mean annual precipitation.. 

 

The regional climate model appeared to show skill in simulating the Ganges domain climate by capturing the 

orographic precipitation patterns, which the GCMs fails to do. In the Ganges basin REMO develops a warm 

temperature bias of 0.5 -10C which may be related to a lack of representation of irrigation. 



 

 

 

Under the future scenario, REMO simulations suggest a wide spread warming by 2050. The magnitude of 

warming is stronger in the RCM than GCM. This is in contradiction with Figure 6, but this is likely due to a 

difference in the reference period used in the two studies. The projections suggest a mixed spatial pattern of 

precipitation towards the end of 2050, and it seems likely that this is due to a strong spatial pattern of decadal 

variability (Figure 8). Both GCMs suggest an over all increases in precipitation over the Ganges by 5-20% 

whereas RCM simulations suggest a decrease over the Himalayas and lower Ganges by 5-20%. The 

decrease over the Himalayas may be due to the increase in surface temperature leading to snow melt and 

therefore changing the surface albedo of the region.   

 

 


