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Abstract 
 

This work uses state-of-the-art Global and Regional Climate Models to assess present 

and future changes in climate extremes over India.ШIndia has the worldôs largest population and 

many of the people there are extremely vulnerable to future changes in Climate extremes.  

The fidelity of general circulation models (GCMs) from the Coupled Model 

Intercomparison Project version 6 (CMIP6), to simulate temperature and precipitation over 

India. The period of study is split into three parts, historical (1984-2014), near-future (2030-

2060) and far-future (2070-2100). The models are found to have varying biases, and the 

computation of a multi-model mean shows an improvement upon these biases. Future 

projections make use of the newest Shared Socioeconomic Pathways (SSPs), which generally 

show an increase in both mean and extreme climate variables. This increase is most extreme 

under the high emission scenario SSP5-8.5 for both temperature and precipitation. 

Due to the coarse resolution of GCMs, dynamical downscaling (at 25 km resolution) is 

applied with the use of the Regional Climate Model version 4.7 (RegCM4.7) from The Abdus 

Salam International Centre for Theoretical Physics (ICTP). Sensitivity experiments have been 

carried out to better tune RegCM4.7 to the Indian domain. Orography representation, cumulus 

convection schemes and land surface schemes are tested, and the best schemes are selected for 

the purpose of model parameterisation. A better representation of moisture transport, surface 

fluxes and soil moisture are shown to improve the simulation of temperature and precipitation 

extremes in the RCM. Envelop orography treatment (i.e. increasing orography from model 

mean height) by 10%, the use of the Grell over land and Emanuel over ocean cumulus schemes 

and the Community Land Model land surface scheme are found to give the best results over 

the Indian domain. 



 

 
 

The aforementioned RCM is found to improve upon all tested GCMs in the simulation 

of temperature and precipitation over India. For future simulations, heat waves are found to 

increase in both frequency and duration when compared to the present climate. The areas most 

affected by this increase are along the Indo-Gangetic plane, where most of the Indian 

population resides. Future temperature extremes projected by the RCM are greater than those 

of the GCMs and heat wave frequency and duration is more severe in RCM simulations. 

Precipitation intensity is greater in the RCM than the GCM for the PR, however most regions 

(CNE, HR, NE and NW) are shown to have a decrease in mean precipitation. The areas most 

impacted by this increase are along the Westcoast of India, where most of the monsoon rainfall 

occurs. Extreme precipitation is greater during the near future in the RCM for all SSPs and the 

increase from near to far future is lesser than what is shown by the GCMs. The increases in 

both climate extremes are found to be worsened when using the high emission scenario SSP5-

8.5 and are shown to improve when using the sustainable scenario SSP1-2.6 towards the end 

of the century.  

Overall, this study highlights the importance of dynamical downscaling as an important 

tool for predicting climate extremes over India and understanding the impacts of climate 

change over this region. These results emphasise the importance of sufficient mitigation 

strategies to lessen the impact of climate extremes over India and the urgent need to act sooner 

rather than later. 
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significant differences at 95% significance level. 

 

8. Figure 2.4 -JJA mean near surface temperature difference of models compared to observation 

for the period 1984-2014. Ensemble mean of 13 CMIP6 models (a) and individual CMIP6 

models used in ensemble (b-n). The dots represent the grid points with significant differences 

at 95% significance level. 

 

9. Figure 2.5 - Annual maximum (a, b, c), mean (d, e, f) and minimum (g, h, i) temperature (ÁC) 

over the temperature homogenous regions of India for the historical period (1984-2014). 

Column (a, d, g) shows observed temperature, column (b, e, h) shows the ensemble mean of 

CMIP6 models and column (c, f, i) shows the difference between the models and observed 

temperature. The dots represent the grid points with significant differences at 95% 

significance level. 

10. Figure 2.6 - JJA maximum (a, b, c), mean (d, e, f) and minimum (g, h, i) temperature over the 

temperature homogenous regions of India for the historical period (1984-2014). Column (a, d, 
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represent the grid points with significant differences at 95% significance level. 
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normalised standard deviation for 13 CMIP6 models compared to observations are shown. 

The grey curved lines show the root mean square error (RMSE). 
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temperature for the historical period (1984-2014). The green, blue and red lines represent 

SSP1-2.6, SSP2-4.5 and SSP5-8.5. For the SSPs a solid line represents the NF (2030-2060), 

and a dashed line represents the FF (2070-2100). 
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8.5 (e, f) compared to the historical period from the ensemble mean. The first column (a, c, e) 
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shows the historical time period, and the green, blue and red lines represent SSP1-2.6, SSP2-
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second column shows the difference over the FF period (b, d, f). 

 

20. Figure 2.16 - Warm days percent with reference to the 90th percentile of the summer season 

difference compared to the ensemble mean of the historical period (1984-2014) for SSP1-2.6 

(a, b), SSP2-4.5 (c, d) and SSP5-8.5 (e, f). The first column shows the difference over the NF 
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21. Figure 2.17 - Warm spell days index with reference to the 90th percentile of the summer 

season difference compared to the ensemble mean of the historical period (1984-2014) for 

SSP1-2.6 (a, b), SSP2-4.5 (c, d) and SSP5-8.5 (e, f). The first column shows the difference 
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(b, d, f). 

 

22. Figure 2.18 - Heat waves per summer season (where TX > TXnorm + 5ÁC for 7 consecutive 
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over the NF period (a, c, e) and the second column shows the difference over the FF period 
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(b, d, f). 
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SSP1-2.6 (a, b), SSP2-4.5 (c, d) and SSP5-8.5 (e, f).  The first column shows the difference 

over the NF period (a, c, e) and the second column shows the difference over the FF period 

(b, d, f). 

 

25. Figure 2.21 - Heat wave duration index with reference to the mean of the summer season 

(where TX > TXnorm + 5ÁC for 7 consecutive days) difference compared to the ensemble 

mean of the historical period (1984-2014) for SSP1-2.6 (a, b), SSP2-4.5 (c, d) and SSP5-8.5 

(e, f).  The first column shows the difference over the NF period (a, c, e) and the second 

column shows the difference over the FF period (b, d, f). 

 

26. Figure 2.22 - Heat wave duration index with reference to the mean of the summer season 

(where TX > TXnorm + 5ÁC for 3 consecutive days) difference compared to the ensemble 

mean of the historical period (1984-2014) for SSP1-2.6 (a, b), SSP2-4.5 (c, d) and SSP5-8.5 

(e, f).  The first column shows the difference over the NF period (a, c, e) and the second 

column shows the difference over the FF period (b, d, f). 

 

27. Figure 2.23 - Heat wave duration index with reference to the mean of the summer season 

(where TX > TXnorm + 5ÁC for 5 consecutive days) difference compared to the ensemble 

mean of the historical period (1984-2014) for SSP1-2.6 (a, b), SSP2-4.5 (c, d) and SSP5-8.5 

(e, f).  The first column shows the difference over the NF period (a, c, e) and the second 

column shows the difference over the FF period (b, d, f). 
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29. Figure 3.2 ï JJAS precipitation over South Asia (1984-2014) for observed (a), MME (b) and 
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30. Figure 3.3 ï JJAS precipitation bias over South Asia (1984-2014) for observed (a), MME (b) 

and individual models (c-n). The dots represent the grid points with significant differences at 

95% significance level. 
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31. Figure 3.4 ï JJAS precipitation spatial correlation for MME and individual models compared 

to observed data over each Indian precipitation homogenous region. 

 

32. Figure 3.5 ï Taylor diagram for precipitation over India landmass compared to observed data 

for 17 CMIP6 models. 

 

33. Figure 3.6 - JJAS windspeed (850hPa) bias over South Asia (1984-2014) for MME (a) and 

individual models (b-m) compared to observed values from CRU. Arrows show absolute 

values. 

 

34. Figure 3.7 - JJAS specific humidity (850hPa) bias over South Asia (1984-2014) for MME (a) 

and individual models (b-m) compared to observed values.  

 

35. Figure 3.8 ï Vertically integrated moisture transport bias compared to ERA5 for MME (a) 

and individual models (b-m) over South Asia. The arrows show the absolute values, both bias 

and absolute values are shown from 1000-100hPa. 

36. Figure 3.9 ï Mean precipitation difference over South Asia for SSP1-2.6 (a, b, c, d), SSP2-

4.5 (e, f, g, h) and SSP5-8.5 (I, j, k, l). The first and second columns show the absolute values 

for NF (a, e, i) and FF (b, f, j) respectively. The third and fourth columns show the 

precipitation difference for NF (c, g, k) and FF (d, h, l) respectively when compared to the 

historical period. The dots represent the grid points with significant differences at 95% 

significance level. 

 

37. Figure 3.10 ï Vertically integrated moisture transport difference compared to the historical 

period from 1000-1hPa over South Asia. SSP scenarios SSP1-2.6 (12a, b), SSP2-4.5 (12c, d) 

and SSP5-8.5 (e, f) are used. The SSPs are split into NF (a, c, e) and FF (b, d, f). 

 

38. Figure 3.11 ï PDF distribution of precipitation over Indian precipitation homogenous regions 

(a-f) and India landmass (g). The black lines represent the historical period (1984-2014). The 

solid and dashed black lines show observed and MME data respectively. For the SSP 

scenarios green, blue, and red represent SSP126, SSP245 and SSP585 respectively. For the 

SSPs a solid line shows the NF time period, and a dashed line shows the FF time period. 

 

39. Figure 3.12 ï Extremely wet days with reference to the 99th percentile of reference period 

(1984-2014). The first column (a, c, e) shows the NF and the second column (b, d, f) shows 

the FF for SSP126 (a, b), SSP245 (c, d) and SSP585 (e, f). 

 

40. Figure 3.13 ï Precipitation percent due to R95p days. The first column (a, c, e) shows the NF 

and the second column (b, d, f) shows the FF for SSP126 (a, b), SSP245 (c, d) and SSP585 (e, 

f). 

 

41. Figure 3.14 ï Percentage difference compared to the historical period for the number of cwd 

periods with more than 5 days per JJAS season. The first column (a, c, e) shows the NF and 

the second column (b, d, f) shows the FF for SSP126 (a, b), SSP245 (c, d) and SSP585 (e, f). 

 

42. Figure 3.15 ï Wet days Index per JJAS season over India. The first column (a, c, e) shows the 

NF and the second column (b, d, f) shows the FF for SSP126 (a, b), SSP245 (c, d) and 

SSP585 (e, f). 

 

43. Figure 4.1 ï Model domain and orography (m) as used in RegCM4. 
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44. Figure 4.2 ï Model orography (m) from HadGEM3 (a) and RegCM4 (b) models. 

 

45. Figure 4.3 ï Difference in height (m) over the Himalayan region between RegCM4 model 

mean height and a 5% (P5), 10% (P10), 15% (P15), 20% (P20) increase in mean height. 

There is a contour interval of 100m. 

 

46. Figure 4.4 ï JJAS differences between wet and dry years for zonal moisture transport at 

500hPa. Observation and different Himalayan orography representations (M20, M15, M10, 

M5, CNTRL, P5, P10, P15, P20) are shown. 

 

47. Figure 4.5 ï JJAS precipitation over India using observed and RegCM4 simulations with 
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 1.1 Background 

There is high confidence that climate change has caused irreversible damage to terrestrial, 

freshwater, and coastal and open marine ecosystems. A warming of approximately ~0.85ÁC has 

occurred globally in the last 40 years and without sufficient mitigation strategies global surface 

temperatures will continue to rise. It is extremely likely that human influence is responsible for 

the rise in global temperature as well as an increase in extreme events such as warm temperature 

extremes (IPCC, 2022). 

South Asia is one of the most vulnerable regions in the world to the impacts of climate 

change (Sivakumar and Stefanski, 2010) with signs of warming trends and a consistent increase 

in temperature extremes (IPCC, 2022). Climate change has been shown to affect the food 

production, putting this region at risk of a food shortage by 2030 and creating food security 

concerns in the future (Acharya et al. 2014; Bandara and Cai, 2014). Extreme temperatures, 

heavy rainfall, flooding, and droughts negatively affect agriculture and can sometimes even 

destroy harvests (Gornall et al., 2010). Generally, both extreme precipitation (Almazroui et al., 

2020, Mondal et al., 2022, Shahi et al., 2021) and extreme temperature (Almazroui et al., 2020, 

Dong et al. 2021, Meehl and Tebaldi 2004) have been shown to increase in the future more 

with continued warming. Indiaôs population is particularly vulnerable to extreme temperatures 

and an increase in heat wave severity has been linked to an increase in heat-related mortality 

over India (Mazdiyasni et al., 2017). 

Agriculture in India relies on the Indian summer monsoon (ISM) and is an important part 

of the Indian economy, which many people rely on for their livelihood (Krishna Kumar et al., 

2004). Rice is one of the main crops grown in the region and is highly susceptible to changes 

in rainfall (DeFries et al., 2016). Changes to the amount of rainfall can have a damaging effect 

on the population, with too much or too little rainfall leading to events such as flooding, 

landslides, droughts and crop failure (Shonk, 2022, Webster et al., 1998).  Historically, it has 
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been shown that global monsoon land precipitation has been decreasing, with the South Asian 

monsoon being one of the primary causes (Zhou, Zhang and Li, 2008). There has been an 

increase in extreme precipitation over most of India in the past 120 years, with urbanisation 

correlating to an increase in the intensity of these extreme events (Falga and Wang, 2022).  

1.2 Characteristics of Summertime Circulation and Associated 

Temperature and Precipitation 

1.2.1 General Circulation 

The general circulation of the atmosphere (Fig. 1.1) is important to study how the 

surface climate may change in the future and the past, as well as to assess the effects on 

meteorology, weather and on the lives of the human population (Schneider 2006). George 

Hadley was the first scientist with early works on the features of the atmospheric flows. While 

looking for an explanation for the trade wind circulation he noticed that the solar heating might 

produce a direct meridional cell in each hemisphere (Holton 2004) (Lorenz 1967).  

The atmosphere receives heat by incoming short wave (SW) radiation and loses heat 

by outgoing long wave (LW) radiation. To reach thermal equilibrium the net radiative heating 

of the Earth-Atmosphere system as whole must best zero. This only happens globally, but not 

regionally (Holton 2004) (Salby 2012). 

During winter the low latitudes experience radiative heating which is seen from the 

observed net radiation. This means that they receive more energy by absorbing more SW 

radiation than the LW radiation they emit. The mid and high latitudes experience radiative 

cooling at this time, which is most noticeable in the winter hemisphere, meaning they will emit 

more LW radiation than the SW radiation they absorb. These local imbalances are compensated 

by a poleward transfer of heat which preserves thermal equilibrium. This is achieved by the 

general circulation of the Earth-Atmosphere system. The heat transfer is made by a steady 
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circulation between the equator and poles, which is driven by the atmospheric heating in the 

tropics and cooling in the extratropics. Atmospheric heating at low latitudes is caused by latent 

heat releasing inside centres of convection. This paired with the radiative cooling at high 

latitudes forces vertical motions across isentropic surfaces. This is compensated by a horizontal 

motion called the Meridional Overturning Circulation. Hadley Circulation occurs at lower 

latitudes. The heating at these low latitudes causes air to flow poleward and sink at around 30Á 

in both hemispheres. Between the mid to high latitudes lies the Mid-Latitude Cell. The hot air 

transferred from the Hadley Cell is slightly cooler, which sinks and flows poleward inside the 

Mid-Latitude Cell. Cold air from the Polar Cell flows south inside the same cell. The warm and 

Fig. 1.1 - General circulation. Hadley Cells are between the equator and a latitude of 30Ǔ, Mid-

latitude cells are between 30Ǔ and 60Ǔ, and polar cells at higher latitudes. North-easterly and south-

easterly trade winds occur in the lower parts of the Hadley Cells, which meet in the Inter Tropical 

Convergence Zone (ITCZ). Air rises to form frequent thunderstorms and heavy rainfall. 

Source: The Atmosphere, 8th edition, Lutgens and Tarbuck, 8th edition, 2001. 
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cold air meet forcing the warm air to rise over the denser cold air and then cools down, causing 

precipitation (Holton 2004) (Salby 2012) (Peixoto et al. 1992).  

1.2.2 Regional Circulation 

South Asia receives significant warming towards the end of Spring as the northern 

hemisphere summer approaches. This leads to increased sea surface temperatures in the 

northern hemisphere and cooler temperatures in the southern hemisphere, creating temperature 

pressure gradients between the north and south. Most of the year India receives strong westerly 

winds (fig. 1.2a), but during the monsoon season the pressure gradient causes a shift from west 

to east in the lower troposphere (fig. 1.2b). These easterly winds then transport vast amount of 

water vapor over India causing the Indian summer monsoon, which then continue through parts 

of southeast Asia. 

 

 

 

Fig. 1.2 ï Precipitation, SST and wind speed over South Asia for winter (1.2a) and summer (1.2b). 

Precipitation and SST are shown over land and ocean respectively.  

Source: https://www.rmets.org/metmatters/indian-monsoon-changing-climate 
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1.2.3 Temperature Extremes 

Heat waves have caused many deaths over India in the last 100 years (De et al., 2005). 

Mortality related to heat waves in India has increased between 1970-2019. The impact of heat 

waves compared to other extreme weather events varies per state. For instance, Andhra Pradesh 

is the most affected where the mortality rate due to heat waves increased by 60% followed by 

Odisha with an increase of 20% (Ray et al., 2021). Most of the heat waves in India usually 

occur in the pre-monsoon season (April, May and June) and can cover a large portion of the 

country (Pai et al., 2013). However, the high temperatures can still persist during the summer 

monsoon (June, July and August, JJA) season and therefore it is critical to estimate such 

occurrences as there is possible climate shift in future scenarios. For example, the monsoon 

precipitation which occurs actively during JJA over India exhibits a temporal shift in onset 

Fig. 1.3 ï Observed (CRU) mean temperature (1901-2014) during JJA over the 

Indian temperature homogenous regions. 
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dates as well as the precipitation maxima under RCP 8.5 (Ashfaq et al., 2021, Shahi et al., 

2021).  The dryness induced in the future could inculcate extreme temperature conditions over 

India during summer monsoon season. 

1.2.4 Precipitation Extremes 

The Indian summer monsoon (ISM) falls between June, July, August, September (JJAS) 

and provides about 80% of the total annual rainfall over India (Kripalani et al., 2003).  There 

are many factors that can affect the ISM such as the topography of the region (Medina et al., 

2010) and soil moisture (Asharaf et al., 2012) making it a very complex system to model and 

understand. It has been shown that increasing the orography in the model leads to an increase 

in ISM precipitation, and a decreasing the orography shows a decrease in ISM precipitation 

(Sinha et al., 2010, Song et al., 2009). This has also been shown by Tiwari et al., (2016) for 

winter precipitation over India. This means that the modelôs ability to correctly represent the 

Himalayas has a significant impact on precipitation results. The Asian Monsoon shows a higher 

sensitivity to global warming when compared to other monsoon domains (Kitoh et al., 2013) 

meaning an increase in greenhouse gas (GHG) emissions could lead to a more intense ISM in 

the future. Various studies have been conducted reflecting monsoon rainfall and its simulation 

over South Asia and India (Almazroui et al., 2020, Asharaf and Ahrens, 2015, Katzenberger et 

al., 2021, Menon et al., 2013, Sharmila et al., 2015). Global and regional climate models have 

been used to look at future changes in precipitation over India until the end of the century with 

a general agreement that precipitation will increase during this time period.  
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 1.3 Climate Modelling 

Table 1.1 - Summary of efforts to study climate extremes using GCMs and RCMs and the 

associated human health impacts of these extremes. 

 

Reference Study Period Models Used Significant Findings 

Giorgi et al. 1999 1994-1995 RegCM Model predicts 

precipitation over the 

east Asian domain, 

however it over predicts 

the intensity of the east 

Asian monsoon. 

Highlights the 

importance of cloud 

radiation processes in 

models. 

 

Fig. 1.4 - Observed (CRU) mean precipitation (1901-2014) during JJAS 

over the Indian precipitation homogenous regions. 
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Pal et al. 2000 1986-1990 and 

1993 

RegCM Model better represents 

mean and extreme 

precipitation over 

North America with the 

added cloud and 

precipitation scheme 

coupled to RegCM. 

 

Li and Xie, 2012 1970-1999 CMIP3 and CMIP5 

ensemble 

Two types of biases 

found for SST over the 

tropics using CMIP. 

One is linked to cloud 

cover and the other is 

the thermocline depth. 

 

Im, Pal, and Eltahir, 

2017 

2017 MIT Regional 

Climate Model 

(MRCM) 

Wet-bulb temperature is 

shown to increase most 

over India under 

RCP8.5 in the far future 

and is shown to exceed 

35ęC. The increase is 
smaller under RCP4.5.  

 

 

Zhao, Bollasina, and 

Stevenson, 2019 

 

2019 

 

 

Community Earth 

System Model 

Large Ensemble 

(CESM-LE) 

 

 

Changes to heatwave 

magnitude are mostly 

caused by greenhouse 

gases, however aerosol 

reductions have a 

significant impact over 

the northern 

hemisphere. 

 

Sousa et al. 2020 2020  Reduced soil moisture 

promotes warming and 

future extreme heat 

episodes could be 

further intensified by 

the increasing severity 

of drought events. 

 

Zhang, Held, and 

Fueglistaler, 2021 

2021 22 CMIP5 ensemble Slowing the effects of 

global warming will 

also slow the maximum 

wet-bulb temperature 

over the tropics. 
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1.3.1 Coupled Model Intercomparison Project (CMIP) 

The Coupled Model Intercomparison Project (CMIP) models are global climate models 

(GCMs) created by modelling groups around the world and are useful tools for assessing 

changes in past, present and future climate. CMIP first began in 1995 and CMIP models have 

received various improvements over the years with CMIP6 (Eyring et al., 2016) being the 

newest iteration of these models.  

The earliest form of climate models where simple energy balance models, which didnôt 

consider climate system dynamics and only considered ingoing and outgoing radiation at the 

Earthôs surface. One of the earliest examples of future climate predictions is from Sawyer, 

1972, who predicted that the Earth would receive 0.6ęC warming between 1969 and 2000. The 

observed warming during this period was around 0.54ęC, putting Sawyers estimate very close 

to the actual value. His estimate for CO2 concentrations was higher than the actual value. This 

overestimation of CO2 concentrations is also seen in the IPCC First Assessment Report (FAR). 

The FAR estimated a climate sensitivity of 2.5ęC for doubled CO2, which is close to the 3ęC 

which is used today (IPCC, 1992).  

The IPCC Third Assessment Report [TAR (IPCC, 2001)] and IPCC Fourth Assessment 

Report [AR4 (IPCC, 2007)] made use of new socioeconomic emission scenarios (SRES) which 

included four different future emission pathways. These SRES were included in the newer and 

more sophisticated GCMs and were ways to look at future warming for different possible 

futures. CMIP5 models were used in the IPCC AR5 report (IPCC, 2014) and replaced SRES 

with newer Representative Concentration Pathways (RCPs) which are four scenarios with 

different concentrations of greenhouse gases. 

CMIP5 and CMIP6 models have been used in the latest IPCC AR6 report (IPCC, 2022) 

when looking at past and future climate. In CMIP models, the bigger challenges are to simulate 
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variables at a regional to local scale accurately. They struggle to accurately represent processes 

such as clouds which occur on a smaller scale than the GCMs resolutions, which in turn lead 

to larger uncertainties between models (IPCC, 2014).  

CMIP6 models incorporate the newest form of future emission scenarios called Shared 

Socioeconomic Pathways (SSPs). There are five different SSPs that represent different 

challenges to both mitigation and adaption. SSP1 is the best-case scenario and represents a 

sustainable future. Here the world is more focused on human well-being and a lower resource 

and energy requirement. This scenario shows low challenges to both adaption and mitigation. 

SSP2 is a middle road scenario with medium challenges to adaption and mitigation. Here 

progress towards a sustainable future is slower and not all countries are progressing at the same 

rate. SSP3 is the worst-case scenario with high challenges to mitigation and adaption. This 

scenario sees climate change as a low priority and priorities security and conflict, with large 

material consumption. SSP4 represents low challenges to mitigation but high challenges to 

adaption. This scenario focuses on inequality where part of the population is progressing 

rapidly leaving the rest of the population behind. SSP5 represents a fossil-fuelled future, with 

high challenges to mitigation and low challenges to adaption. The world progresses rapidly on 

a global scale and quality of life generally improves; however, the consumption of fossil fuels 

persists. 

1.3.2 Regional Climate Modelling 

Climate modelling is an important tool for increasing our understanding of the Earthôs 

climate and climate change. However, there are limitations to GCMs, mainly due to their course 

resolution. This means they fail to capture smaller scale processes (IPCC 2013) leading to a 

less accurate representation of the Earthôs climate. Downscaling is a way to create high 
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resolution simulations over a smaller region. There are two types of downscaling, dynamical 

and statistical downscaling.  

1.3.2.1 Dynamical Downscaling 

RCMs are used to create high resolution simulations on a local scale. Dynamical 

downscaling can better represent small-scale processes due to the increased resolution. 

Generally, an RCM is scaled over a specified region (known as nesting) at an increased 

resolution and is driven by initial and time-dependant lateral boundary conditions of either 

GCM or observed datasets (Giorgi, 2019), however this uses considerable computing power. 

The reliance on GCM data means that it is important that a good performing GCM must be 

selected to get more reliable RCM results. The increased resolution gained by dynamical 

downscaling is an important tool for better understanding regional climate.  

There are a number on institutions that have created RCMs for better understanding 

regional climate events. For example, RegCM from the Abdus Salam International Centre for 

Theoretical Physic (ICTP, Elguindi et al., 2017), COSMO-CLM from the Climate Limited-area 

Modelling Community (CLM-Community, Rockel and Geyer, 2008), REMO from the Max 

Planck Institute for Meteorology (MPIfM, Jacob and Podzun, 1997), HadCM3 from the UK 

Met Office (Gordon et al., 2000) and the HIRHAM Regional Climate Model from the Danish 

Meteorological Institute (Bßssing et al., 2007) 

It is commonly accepted that GCMs struggle to capture the ISM, particularly over north 

India which has more complex topography (Mishra et al., 2018). Dynamical downscaling has 

been shown to improve ISM simulations (Agrawal et al., 2021, Dobler and Ahrens 2010, 

Lucas-Picher et al., 2011, Seo et al., 2023), however these models still show biases over this 

region. 
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1.3.2.2 Statistical Downscaling 

Another way to create higher resolution simulations using GCMs is the use of statistical 

downscaling. Here a statistical relationship between observed and GCM variables is formed 

during the historical period using methods such as multiple linear regression, artificial neural 

networks, multi-model ensemble, stepwise regression etc. and is often paired with bias 

correction techniques. The GCM is then used to simulate future climate, with the statistical 

relationships being used to better represent smaller-scale processes that the GCMs cannot 

capture. 

1.4 Objective and Scope 

This thesis aims to find a better understanding on how the characteristics of climate 

extremes will change in the future over India and its relevant homogenous regions due to 

human induced climate change and how these changes will affect the population of this region. 

The objectives of this project are: 

¶ Utilise state-of-the-art climate model CMIP6 simulations to assess how climate 

extremes and climate extreme events will change in the future. 

¶ Assess the role of physical processes through various sensitivity experiments (cumulus 

scheme, land surface scheme and orography representation). 

¶ Undertake high-resolution climate model simulations (CORDEX framework) to 

examine the extent, severity, and probability of climate extreme episodes in India and 

how they will respond to future changes in emission pathways. Connect the changes in 

extremes in line with possible emission pathways and assess the associated human 

health risk over the region of interest. 
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Chapter 2 uses thirteen of the latest Coupled Model Intercomparison Project phase 6 

(CMIP6) models have been used to model mean, maximum, and minimum temperature over 

the 7 homogenous temperature regions of India for both annual and summer season consisting 

of months June, July and August (JJA) time periods. The fidelity of these models was assessed 

by comparing them with observed temperature from the Climate Research Unit (CRU) dataset. 

A multi-model mean of the thirteen CMIP6 models was found to reduce temperature biases 

and was used to assess future changes in temperature extremes and heatwave characteristics 

using SSPs.  

The ability of twelve CMIP6 models to represent the Indian summer monsoon (ISM) 

precipitation, vertically integrated moisture transport and windspeed over the Indian 

precipitation homogenous zones during June, July, August and September (JJAS) is shown in 

chapter 3. To test the fidelity of these models, they were compared to observed values from the 

CRU dataset and a multi-model mean was used for future analysis.  Changes in future 

precipitation and extreme precipitation variables are then shown for future periods using SSPs. 

Sensitivity experiments were used to assess the role of physical processes in chapter 4 with 

the addition of some machine learning techniques. 

Dynamical downscaling for both temperature and precipitation extremes is shown in 

chapter 5. Here the RegCM4.7 regional climate model is used at a 25km resolution, driven by 

the HadGEM3-GC31-LL global climate model. The RCM was compared to its driving model 

for the historical period and then used to assess future changes in temperature and precipitation, 

as well as heat wave duration and intensity and extremely wet days.  
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Abstract 

The multi-model ensemble (MME) mean of 13 CMIP6 models was calculated for present 

(1984ï2014), near (2030-2060) and far (2070-2100) future scenarios and the models showed 

larger warm biases during the JJA time period. Although the models could simulate the spatial 

variability of the mean and maximum temperature over most of the homogeneous regions, they 

do not compare well for representing the temporal variability. We have found that CNRM-CM6 

is comparably the best performing model for spatial temperature trends over India although all 

models struggle with representing temperature characteristics over the east coast of India. 

HadGEM3-GC31-LL, KACE-1-0G and UKESM1-0-LL are comparably the best performing 

models for temporal temperature trends over India. The annual maximum temperature during 

the far-future (FF) period is projected to increase by 1.5ÁC, 2.3ÁC and 4.1ÁC for the FF Shared 

Socioeconomic Pathways (SSPs) SSP1-2.6, SSP2-4.5 and SSP5-8.5 respectively. The JJA 

mean temperature for SSP5-8.5 shows an increase of 3.8ÁC for Interior Peninsula (IP), 5.6ÁC 

for Western Himalaya (WH), 3.9ÁC for North West (NW), 3.6ÁC for West Coast (WC), 3.6ÁC 

for East Coast (EC), 3.6ÁC for North East (NE) and 3.8ÁC for North Central (NC) in FF 

compared to present period implying WH being more sensitive to climate change. The 

frequency of heat waves is also projected to increase, with the most affected areas showing 

more than three heat waves per summer season when compared to historical values. The 

northern territory of India consisting of NW, NC, NE and part of IP are found to be the most 

affected regions, where week-long heat wave duration is expected at higher emission scenario 

affecting larger portion of population (~ 50% of Indiaôs population). Such unprecedented 

impacts seem to be less profound in case of abatement scenarios such as the SSP1-2.6. Our 

findings support the urgent need for more ambitious mitigation and adaptation strategies to 

minimize the public health impacts of climate change. 
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2.1 Introduction 

A rise in temperature can be seen globally and it is likely that heat waves have increased 

in large parts of Asia (IPCC, 2022). Heat waves are a type of extreme weather event, generally 

defined as an extended period of extreme temperature (Perkins and Alexander, 2013). The 

frequency, intensity and duration of extreme heat events have increased globally (Perkins and 

Alexander, 2013) in South Asia (Dong et al., 2021), which is likely caused by an increase in 

anthropogenic emissions (Collins et al., 2013, Pattnayak et al., 2017, Meehl and Tebaldi, 2004). 

Zhao et al., (2019) suggest that these extreme heat events will continue to increase into the 

future under the RCP 8.5 scenario. They have a significant impact on human health (Arbuthnott 

and Hajat, 2017, Haines et al., 2006, Patz et al., 2005, Zeng et al., 2016) and have caused many 

deaths globally, with a greater impact on the elderly, women, and those suffering from chronic 

respiratory disorders (Dippoliti et al., 2010). This poses a risk to the worldôs population, 

especially those in developing countries who will struggle to mitigate this increase in heat wave 

severity. 

There is a link between the warming of the Indian Ocean and El-Nino events with heat 

waves over India (Rohini et al., 2016). The surface temperature of the Indian Ocean is projected 

to continue to rise in the future (Pattnayak et al., 2017) increasing the likelihood of heat waves 

over India in the near future. India has a population of over 1.3 billion putting a large portion 

of the worldôs population at risk to an increase in extreme temperature events. The most densely 

populated parts of India are in the Indo-Gangetic plain where approximately half the population 

lives.  

Considering such risks to the large population over a vulnerable region like south Asia, 

it becomes important to investigate the utility of the available modelling tools for understanding 

the present and future climate change. To aid this, a wide range of climate model simulations 

are produced through the coordinated efforts worldwide. Coupled Model Intercomparison 
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Project (CMIP) has been around since the mid 1990ôs and makes use of General Circulation 

Models (GCMs) simulations to improve our understanding of the climate system (Stouffer et 

al., 2017). CMIP models have received many improvements over the years such as improved 

resolution, improvements in the representation of the physical processes and different climate 

forcings. Representative Concentration Pathways (RCPs, Moss et al., 2010) were introduced 

in CMIP5 (Taylor et al., 2012) to explore different future scenarios for different radiative 

forcing pathways. In the present work we will be using the latest Coupled Model 

Intercomparison Project 6 (CMIP6; Eyring et al., 2015) dataset over India which has been used 

in many studies globally looking at both temperature and precipitation (Almazroui et al., 2021, 

Maharana et al., 2018, Pattnayak et al. 2019, You et al. 2016). One of the most notable additions 

compared to CMIP5 are the Shared Socioeconomic Pathways (SSPs, Riahi et al., 2017) which 

represent five different narratives for future socioeconomic scenarios (OôNeill et al., 2017). 

The main aim of this chapter is to study present and future changes (near and far future) in 

mean, max, min temperature over India's homogeneous temperature regions using state-of-the-

art CMIP6 models. 

2.2 Methodology 

2.2.1 Indian Temperature Homogenous Regions and Observed Data 

Thirteen CMIP6 models (see Table 2.1) are used in investigating the maximum, mean 

and minimum temperature over India and its 7 homogeneous temperature regions (Fig 2.1). 

The Indian Institute of Tropical Meteorology at Pune has defined these 7 homogenous regions 

which are specified based on spatial and temporal variations of surface air temperature (Dash 

and Mamgain, 2011). The 7 homogenous temperature regions are the Western Himalaya (WH), 

North West (NW), North Central (NC), North East (NE), West Coast (WC), East Coast (EC) 

and Interior Peninsula (IP) regions. Similar homogenous regions have been used when 

assessing temperature over India (Dileepkumar et al., 2018). The CMIP6 data used in this work 
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can be found from the CMIP6 database (https://esgf-node.llnl.gov/search/cmip6/). All models 

have been re-gridded to the observed grid (Climatic Research Unit (CRU) data, Harris et al., 

2017) which has resolution of 0.5Á using the bilinear interpolation method. CRU has been used 

in various studies over India (Dileepkumar, et al. 2018, Kumar et al. 2013, Ullah et al. 2022).  

2.2.2 CMIP6 Experiments 

The historical analysis is from 1984ï2014 and this time period is used to examine the 

performance of the models in representing different characteristics of temperature variations 

over the region. Besides the individual experiment, we also compute the multi-model ensemble 

(MME) from the 13 experiments. Daily data is required for the temperature variables seen in 

Table 2. Due to limited data availability only 9 models are used for the daily MME. The models 

Fig. 2.1 - Study area and different temperature homogenous regions over India  

https://esgf-node.llnl.gov/search/cmip6/
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used in the daily data MME are CMCC, CNRM, GFDL, HadGEM, INM, KACE, MIROC6, 

MPI and UKESM. The method for projecting these extreme temperatures is shown in figure2.2. 

Table 2.1 - CMIP6 GCMs used in this work 

Model Country Horizontal 

Resolution  

(lon and lat) 

ACCESS-CM2  

CANESM5-CanOE 

CMCC-ESM2  

CNRM-CM6-1 

FIO-ESM-2-0  

GFDL-ESM4 

GISS-E2-1-H 

HadGEM3-GC31-LL  

INM-CM5-0  

KACE-1-0-G  

MIROC6 

MPI-ESM1-2-LR 

UKESM1-0-LL 

Australia 

Canada 

Italy 

France 

China 

USA 

USA 

UK 

Russia 

South Korea 

Japan 

Germany 

UK 

192 x 144 

128 x 64 

288 x 192 

362 x 294 

192 x 288 

360 x 180 

144 x 90 

192 x 144 

180 x 120 

192 x 144 

256 x 128 

192 x 96 

192 x 144 

The monthly maximum, mean and minimum near-surface air temperature from CRU 

(Harris et al., 2017) at a resolution of 0.5ÁĬ0.5Á is used to evaluate the individual model and 

their MME. CRU is a well trusted source of historical observations (Mitchell and Jones, 2005) 

and has been used in many previous studies (Maharana et al., 2018, Pattnayak et al., 2017a, 

Panda et al. 2020).  
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2.2.3 Shared Socioeconomic Pathways 

We first evaluate the models in terms of their capabilities in representing the 

climatological mean annually and during the summer season (June, July, and August), mean 

annual cycle, Taylorôs metrics and representation of the probability distribution over individual 

temperature homogeneous regions over India. To further understand the modelôs capabilities in 

representing the mean patterns spatially, we compute the differences of the mean for the present 

climate (with respect to observation) and future climate (with respect to present climate). To 

assess the changes during the future, we make use of three different Shared Socioeconomic 

Pathways namely: SSP1-2.6, SSP2-4.5 and SSP5-8.5 where SSP1-2.6 represents a ñgreen 

roadò, SSP5-8.5 represents fossil-fuelled development and SSP2-4.5 represents a middle road 

(Riahi et al., 2017). The SSPs used represent low (SSP1-2.6), medium (SSP2-4.5) and high 

(SSP5-8.5) emission scenarios making SSP5-8.5 the most aggressive scenario in terms of 

emissions. To highlight the spatial heterogeneity in the differences, we compute the 

significance of differences in the mean by applying the student t-test and have identified the 

areas having significant differences at 95% level. All SSPs represent the future time period 

2015-2100 and have been split into near-future [NF (2030-2060)] and far-future [FF (2070-

2100)] to evaluate future changes in maximum, mean and minimum temperature over India. 

We looked at projected changes in annual and seasonal temperatures. To analyse future changes 

in temperature distribution over India and different homogeneous regions, we used spatial, time 

series and probability density function (PDF) figures using the SSP scenarios.ШFurther we have 

used CDO (Schulzweida et al. 2021) to compute different heat wave variables which is shown 

in Table 2.2. 
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Table 2.2 - Heat wave variables calculated using CDO (Schulzweida et al. 2021) 

Consecutive 

summer days 

index per summer 

season 

 

Warm days percent 

wrt 90th percentile of 

the summer season 

Warm spell days 

index wrt 90th 

percentile of the 

summer season 

Heat waves per summer 

season 

Heat wave duration 

index wrt the mean of 

the summer season 

The largest 

number of 

consecutive 

summer days per 

summer season. In 

this case a 

summer day is 

where Tmax > 

31ÁC (31ÁC is the 

mean of Tmax for 

the historical 

period).  

The percentage of 

time where Tmean > 

Tmean90. Tmean90 

is the 90th percentile 

of daily Tmean for a 

five-day window 

centered on each 

calendar day for the 

historical period. 

The number of 

days where 

Tmean > 

Tmean90 in 

intervals of 6 

consecutive 

days.  Tmean90 

is the same as 

warm days 

percent. 

The number of heat 

waves equal to, or 

longer than n days per 

summer season.  In this 

case a heat wave is 

where Tmax > 

TmaxNorm + 5ÁC for n 

consecutive days.  

TmaxNorm is the mean 

of Tmax of a five-day 

window centered on 

each calendar day for 

the historical period. We 

calculated results for 

n=3, 5 and 7 days. 

 

Number of heat wave 

days equal to, or 

longer than n days 

per summer season. 

Uses the same heat 

wave definition as 

heat waves per 

summer season. 

Near and far future analysis using 

ensemble means for SSP1-2.6, SSP2-4.5 

and SSP5-8.5 

Download CRU and monthly and daily 

CMIP6 data for tas, tasmax, tasmin 

Regrid CMIP6 model output to 0.5ę x 

0.5ę resolution 

Calculate daily and monthly ensemble 

mean for tas, tasmax, tasmin 

Historical analysis of individual and 

ensemble mean of CMIP6 models and its 

comparison with CRU data 

Calculate heat wave variables (Table 2) 

with CMIP6 daily data 

Fig. 2.2 - Schematic diagram showing the methodology used for the analysis 
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2.3 Results and Discussion 

2.3.1 Temperature Biases of CMIP6 Models 

Figures 2.3 and 2.4 show the biases in MME and individual CMIP6 models in 

simulating annual and JJA mean temperatures over the homogenous temperature regions of 

India. The annual Tmean show large variation of hot and cold biases for individual models. 

MIROC6 (Fig 2.3n) has a very high warm bias most notably over the NW region, whereas 

CNRM (Fig 2.3e) and GFDL (Fig 2.3i) have a cold bias over almost all of India compared to 

the observations. For JJA Tmean (Fig 2.4) there are larger warm biases in most models when 

compared to annual Tmean (Fig 2.3). MIROC6 consistently shows the largest warm bias again 

in the NW region. The CANESM and GISS models have a much higher warm bias to the east 

of the NC and IP regions compared to their annual counterparts. These models are likely 

contributing to the biases of the MME and there is large inter-model variability over the 

different homogenous regions. Using the MME reduces the biases overall, especially when 

studying long-term climate trends for both annual and JJA time periods. 

The observed climatology of annual maximum, mean and minimum (Tmax, Tmean and 

Tmin) over the homogenous temperature regions of India is shown in Fig. 2.5 (a, d, g) and 

MME (Fig. 2.5b, e, h). The annual temperature ranges from below 5ÁC to 37ÁC for the entirety 

of India, with the highest temperatures being from the NW (37ÁC) and IP (36ÁC).  The 

difference between the MME and observed data can be seen in Fig. 2.5c, f, i. Generally, the 

models are good at representing the temperature over India as there are significant values (at 

95% significance level) in all regions. The NC region results are mostly significant for annual 

Tmax and Tmean but show much less significant values when looking at Tmin.  There is a 

large cold bias (> 5ÁC) from the models over the northernmost regions for Tmax (Fig. 2.5a, b, 

c), Tmean (Fig 2.5d, e, f) and Tmin (Fig. 2.5g, h, i). This might be related to the snow cover, 
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the aspect, slope and complex topography of these regions, and the coarser resolution of these 

GCMs cannot capture (Das et al. 2021, Tiwari et al .2016, Tiwari et al .2017). A larger warm 

bias (up to 3ÁC) from the models can be seen in the Tmax mostly over the NC, NW, and NE 

regions, whereas the Tmin has mostly a cold bias over these. There is a high aerosol load over 

the Indo-Gangetic plains which stretches over these three regions (Dey and Di Girolamo, 2010) 

and could explain the warm biases seen which are not considered in these set of CMIP6 models. 

Fig. 2.3 - Annual mean near surface temperature difference of models compared to observation for the period 1984-

2014. Ensemble mean of 13 CMIP6 models (a) and individual CMIP6 models used in ensemble (b-n). The dots 

represent the grid points with significant differences at 95% significance level. 
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A similar analysis for the JJA period (Fig. 2.6) shows much larger warm biases for Tmax, 

Tmean and Tmin. This further suggests that the MME are substantially overestimating both hot 

and cold temperatures in the present.  

 

Fig. 2.4 -JJA mean near surface temperature difference of models compared to observation for the period 1984-2014. 

Ensemble mean of 13 CMIP6 models (a) and individual CMIP6 models used in ensemble (b-n). The dots represent the 

grid points with significant differences at 95% significance level. 
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Fig. 2.5 - Annual maximum (a, b, c), mean (d, e, f) and minimum (g, h, i) temperature (ÁC) over the 

temperature homogenous regions of India for the historical period (1984-2014). Column (a, d, g) shows 

observed temperature, column (b, e, h) shows the ensemble mean of CMIP6 models and column (c, f, i) 

shows the difference between the models and observed temperature. The dots represent the grid points with 

significant differences at 95% significance level. 
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2.3.2 Statistical Analysis of CMIP6 Models 

A Taylor diagram (Taylor, 2001) is presented in Figure 2.7. In this diagram, the 

performance of individual models in simulating Tmax, Tmean and Tmin during the annual (Fig 

2.7a, b, c) and JJA (Fig 2.7d, e, f) periods in terms of the correlation coefficient (CC), root 

mean square error (RMSE) and normalised standard deviation (SD) is shown. A model that is 

closest to a SD of 1 and CC of 1 is closest to the observed values. Models perform reasonably 

Fig. 2.6 - JJA maximum (a, b, c), mean (d, e, f) and minimum (g, h, i) temperature over the temperature 

homogenous regions of India for the historical period (1984-2014). Column (a, d, g) shows observed 

temperature, row (b, e, h) shows the ensemble mean of CMIP6 models and column (c, f, i) shows the difference 

between the models and observed temperature. The dots represent the grid points with significant differences at 

95% significance level. 



Chapter 2 
 

28 

 

well when capturing Tmax, Tmean and Tmin for both time periods and the models tend to give 

results closer to observation for annual compared to JJA. There is more of a spread in CC and 

SD values for JJA compared to annual which highlights the inter-model differences. Almost all 

models have a CC of over 0.95 for the annual period and over 0.9 for JJA. The SD is generally 

between 1 and 1.4 for all models for both annual and JJA. Most models have an RMSE of less 

than 0.4 for the annual period but have a larger RMSE of between 0.4 and 0.8 for JJA. For JJA 

Tmin, RMSE is smallest for all models. The MME outperforms the individual model 

experiments and is closer to the observed values in most cases. The FIO and CMCC models 

perform comparatively better during the JJA period with the FIO model outperforming the 

MME. The performance of CANESM5 and MIROC6 models in simulating temperature over 

India is poor compared to the rest of the CMIP6 models used in this study. 

Fig. 2.7 - Taylor diagram showing the annual (a, b, c) and JJA (d, e, f) maximum (a, d) mean (b, e) and minimum (c, f) 

temperature over India. The correlation coefficient and normalised standard deviation for 13 CMIP6 models compared to 

observations are shown. The grey curved lines show the root mean square error (RMSE). 
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The models do well at simulating temperature spatially however, they struggle much 

more temporally for JJA tas and tasmax (Fig 2.8). When looking at the spatial patterns of 

temperature (Fig 2.8a, b), models show good CC (0.7+) for the WH, NW, WC, NC, and NE 

regions. The IP shows slightly lower CC of 0.5 compared to other regions. All models appear 

to struggle with the EC region with the lowest values being from the CanESM, KACE and 

GISS models with a correlation of -0.5 for both tas and tasmax. Moving onto temporal 

correlations, almost all models give low values for all regions. The only models that give CC 

values over 0.5 are the HadGEM, KACE and UKESM models. This is the same for both 

temporal tas and tasmax. These results suggest that the models are much better at representing 

the temperature spatially as opposed to temporally when looking at the individual temperature 

homogenous regions. 

Fig. 2.8 - Diagonal correlation matrix for JJA tas (a, c) and tasmax (b, d) over the Indian temperature 

homogenous regions. Correlation is shown for the individual models (columns 2-14) and the ensemble mean of 

these models (column 1) compared to observed values for the historical period (1984-2014). Fig a and b show 

the spatial correlation and fig c, and d show the temporal correlation.   
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2.3.3 Future Changes in Temperature 

The PDF distributions of the Tmean over India using present and three different SSP 

scenarios for both annual and JJA periods is shown in figure 2.9. The MME underestimates the 

annual Tmean with a difference of 0.5ÁC and overestimates the JJA Tmean with a difference 

of 2.1ÁC when compared to observed values. SSP1-2.6, SSP2-4.5 and SSP5-8.5 are split into 

near-future (NF) and far-future (FF), with a shift in annual Tmean of 0.8ÁC, 0.9ÁC and 1.2ÁC 

for NF respectively and 1.1ÁC, 2ÁC and 4ÁC for FF respectively compared to observed values. 

FF SSP5-8.5 shows the largest shift in Tmean and a noticeably higher temperature distribution 

compared to all other scenarios. The difference between NF and FF SSP5-8.5 is also very large 

Fig. 2.9 - Annual (a) and JJA (b) mean near surface temperature over India. The solid grey line shows observed 

temperature, and the dashed grey line shows the present ensemble mean temperature for the historical period 

(1984-2014). The green, blue and red lines represent SSP1-2.6, SSP2-4.5 and SSP5-8.5. For the SSPs a solid 

line represents the NF (2030-2060), and a dashed line represents the FF (2070-2100). 
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compared to other scenarios with a difference of 2.8ÁC compared to 0.3ÁC for SSP1-2.6 and 

1.1ÁC for SSP2-4.5. This suggests that under SSP5-8.5 there will be much more warming 

towards the end of the century. Similarly, when comparing JJA Tmean with observed values, a 

shift of 2.1ÁC, 2.2ÁC and 2.4ÁC can be seen for NF and 2.3ÁC, 3.2ÁC and 4.9ÁC can be seen for 

FF SSP1-2.6, SSP2-4.5 and SSP5-8.5 respectively. Both annual and JJA show similar increases 

in Tmean between NF and FF SSP1-2.6, SSP2-4.5 and SSP5-8.5 with FF SSP5-8.5 showing a 

noticeably warmer climate compared to present day. The JJA shift in Tmean is larger for both 

NF and FF compared to the annual period. The NF SSP5-8.5 distribution shows a warmer 

climatology than FF SSP1-2.6 for both annual and JJA periods suggesting that with sufficient 

mitigation we can significantly reduce the amount of warming by the end of the century.Ш 

Further, the PDF over individual homogeneous regions is discussed in Fig. 2.10 for the 

JJA and Fig. 2.11 for annual season.  For JJA Tmean, the regions with the highest observed 

Tmean are the NW (30.3ÁC) and EC (29.5ÁC). The coldest region is the WH with a Tmean of 

11.8ÁC. For annual Tmean the regions with the highest observed Tmean are the EC (27.6ÁC) 

and IP (26.9ÁC). The coldest region is the WH with a Tmean of 2.4ÁC. For most regions the 

historical values from the MME during the annual period are very close to observed values, 

NW and EC show negligible temperature bias, IP shows a cold bias of 0.2ÁC, WC shows a 

warm bias of 0.2ÁC, NC shows a cold bias of 0.4ÁC and NE shows a cold bias of 1.4ÁC. The 

WH region has a much larger cold bias of 4.3ÁC. During JJA there are slightly higher warm 

biases across most regions of 1.0ÁC (IP), 2.1ÁC (NW), 0.5ÁC (WC), 0.6ÁC (EC) and 2.5ÁC 

(NC). The WH and NE have a cold bias of 2.8ÁC and 0.3ÁC respectively. Both for annual and 

JJA periods there is an increase in Tmean between NF and FF for all SSPs over all regions. 

There is a small increase between NF and FF SSP1-2.6 and SSP2-4.5. The difference between 

NF and FF SSP5-8.5 is larger than the other two scenarios and FF SSP5-8.5 shows the highest 

shift in Tmean compared to observed values. The largest increases in Tmean are shown by FF 
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SSP5-8.5, with an annual increase of 4.3ÁC (IP), 5.6ÁC (WH), 4.8ÁC (NW), 4.0ÁC (WC), 3.7ÁC 

(EC), 4.3ÁC (NE) and 4.6ÁC (NC) when compared to the historical Tmean of the MME. This 

means that the largest shift in Tmean can be seen over the WH region with the NW being close 

behind. JJA FF SSP5-8.5 compared to the historical Tmean of the MME shows an increase of 

3.8ÁC (IP), 5.6ÁC (WH), 4.0ÁC (NW), 3.6ÁC (WC), 3.6ÁC (EC), 3.6ÁC (NE) and 3.8ÁC (NC). 

When looking at NF Tmean changes the WH, and NW regions show the largest shift from both 

annual and JJA Tmean of 2.3ÁC and 1.9ÁC (annual) and 2.5ÁC and 1.5ÁC (JJA) respectively 

under SSP5-8.5. 

Fig 2.10 - JJA mean near surface temperature for each temperature homogenous region over India. The solid grey line 

shows observed temperature, and the dashed grey line shows the present ensemble mean temperature for the historical 

period (1984-2014). The green, blue and red lines represent SSP1-2.6, SSP2-4.5 and SSP5-8.5. For the SSP scenarios a 

solid line represents the NF (2030-2060), and a dashed line represents the FF (2070-2100). 
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The MME of NF and FF changes in JJA Tmax for all the scenarios over India compared 

to the present is shown in Fig 2.12. The difference in temperature ranges from <1ÁC to >6ÁC 

over different regions under various scenarios. The regions that show strong differences are the 

WH, east of NW, west of NC, west and central IP and parts of EC and NE regions. All SSPs 

over all regions show warming compared to the present Tmax and there is warming when 

comparing NF SSP1-2.6, SSP2-4.5, SSP5-8.5 and FF SSP1-2.6, SSP2-4.5, SSP5-8.5 

respectively, with the increase in temperature being the largest between NF and FF SSP5-8.5. 

Fig. 2.11 - Annual mean near surface temperature for each temperature homogenous region over India. The solid 

grey line shows observed temperature, and the dashed grey line shows the present ensemble mean temperature for 

the historical period (1984-2014). The green, blue, and red lines represent SSP1-2.6, SSP2-4.5 and SSP5-8.5. For 

the SSP scenarios a solid line represents the NF (2030-2060), and a dashed line represents the FF (2070-2100). 
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Under FF SSP5-8.5 parts of the Western Himalaya region are projected to warm by over 6ÁC 

and all other regions show a warming of 4-6ÁC when compared to present day temperatures. 

The warming is much lower for FF SSP1-2.6 and SSP2-4.5 with an increase over India of 1-

3ÁC and 2-5ÁC respectively. NF SSP5-8.5 shows similar warming to FF SSP1-2.6 meaning that 

SSP5-8.5 is projected to reach the same temperature increase as FF SSP1-2.6 30 years earlier. 

Fig. 2.12 - The difference in JJA Tmax for each SSP1-2.6 (a, b), SSP2-4.5 (c, d) and SSP5-8.5 

(e, f) compared to the historical period from the ensemble mean. The first column (a, c, e) 

shows the NF difference, and the second column (b, d, f) shows the FF difference. 
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In order to further investigate the rising temperatures, we analysed the JJA, and annual 

time series averaged over India for all the variables as shown in Fig. 2.13 and 2.14 respectively. 

Comparing the observed series for the period 1984-2015, the MME series are consistently 

warmer than the observation for all the present years. This is due to the fact that MME are 

warmer over major parts of India as discussed previously. However, for the annual timeseries 

(Fig. 2.14) the MME annual means are colder than the observation. However, such differences 

are not much profound for the annual series. Annual Tmean is projected to increase by 1.3ÁC, 

1.4ÁC and 1.7ÁC for NF and 1.6ÁC, 2.5ÁC and 4.5ÁC for FF. The annual Tmax is projected to 

increase by 1.1ÁC, 1.2ÁC and 1.6ÁC for NF and 1.5ÁC, 2.3ÁC and 4.1ÁC for FF. The annual 

Tmin is projected to increase by 1.4ÁC, 1.6ÁC and 2.0ÁC for NF and 1.7ÁC, 2.7ÁC and 5ÁC for 

FF. The above values are for SSP1-2.6, SSP2-4.5 and SSP5-8.5 respectively and compare the 

mean of the NF and FF temperatures to the mean of the historical period. The SSPs show 

relatively similar temperatures till around 2040. The temperature rises for SSP1-2.6 levels off 

at around 2060 and the temperature rise for SSP2-4.5 decreases, almost levelling off by 2100, 

however the temperature for SSP5-8.5 continues to steadily rise until the end of the century. A 

similar plot was created using the JJA period (Fig 2.10). During the JJA period the MME over 

predicts the temperature for Tmax, Tmean and Tmin. JJA Tmean is projected to increase by 

1.2ÁC, 1.3ÁC and 1.5ÁC for NF and 1.4ÁC, 2.3ÁC and 4ÁC for FF. The JJA Tmax is projected to 

increase by 0.9ÁC, 1.1ÁC and 1.3ÁC for NF and 1.3ÁC, 2.1ÁC and 3.7ÁC for FF. The JJA Tmin 

is projected to increase by 1.2ÁC, 1.4ÁC and 1.7ÁC for NF and 1.4ÁC, 2.3ÁC and 4.1ÁC for FF. 

The above values are for SSP1-2.6, SSP2-4.5 and SSP5-8.5 respectively. Annual and JJA 

periods show similar temperature increases for all SSPs. As expected, SSP5-8.5 shows the 

greatest increase in temperature by the end of the century for all temperatures for both annual 

and JJA periods. All SSPs show a higher temperature than present day showing that warming 
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is inevitable, but the amount of warming can be reduced significantly with sufficient mitigation 

strategies. Similar increases in annual Tmean over India can be seen in Almazroui et al. (2020). 

 

Fig. 2.13 - JJA maximum (a), mean (b) and minimum (c) near surface temperature over India for historical (1984-

2014) and future (2015-2100). The magenta line is the observed temperature, and all others are an ensemble mean 

of 13 CMIP6 models. Near future (NF) is shown from 2030-2060 and far future (FF) is shown from 2070-2100. 

Grey represents the historical time period, and the green, blue and red lines represent SSP1-2.6, SSP2-4.5 and 

SSP5-8.5 respectively. 
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Fig 2.14 - Annual maximum (a), mean (b) and minimum (c) near surface temperature over India for historical 

(1984-2014) and future (2015-2100). The magenta line shows the observed temperature, and all others are an 

ensemble mean of 13 CMIP6 models. Near future (NF) is shown from 2030-2060 and far future (FF) is shown 

from 2070-2100. The black line shows the historical time period, and the green, blue and red lines represent 

SSP1-2.6, SSP2-4.5 and SSP5-8.5 respectively. The shaded regions show the 95% confidence interval using 

the student-t test. 




















































































































































































































