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Population changes and sustainability of energy drive cooling

demand related risks in urbanized India

Abstract

Global warming poses a challenge to India’s energy policy as rising temperatures coincide with
population growth and lifestyle changes to substantial increase in cooling energy requirements.
The concept of cooling degree-days (CDD) is often used to assess probable changes in cooling
demands but, to date, no study has considered CDD changes within a risk framework to
consider exposure and underlying vulnerabilities of a population. Here, we quantify the trends
in observed CDD data across administrative divisions of India for 1951-2019. Using
temperature data from five climate models under three representative concentration pathways
(RCPs), we then estimate the relative changes in average annual CDD across India under 1.5°C,
2°C and 3°C levels of global warming. We further quantify the risk associated with increased
cooling requirements for most urbanized regions of India using CDD as hazard, population as
exposure, and two alternative vulnerability metrics that account for economic conditions (per
capita Gross Domestic Product, GDP) and energy source (proportion of renewable energy to
total energy). For 62% of administrative units, the Pettitt’s test identified a statistically
significant change point in annual CDD values, with 1993 as the median year of change.
Climate model projections suggest a likely increase of 5-14%, 13-80% and 22-160% in average
annual CDD values for a majority (>90%) of administrative units under the 1.5°C, 2°C and
3°C levels of global warming, respectively. The risk assessment showed that population
exposure was the primary factor governing risk scores when per capita GDP was used as a
proxy for vulnerability. Risk scores differed substantially when the vulnerability index was

based on contribution of non-renewables to electricity requirements. Our analysis emphasizes



that prevailing socio-economic conditions and energy policies are likely to play a strong role

in mitigating climate change impacts related to cooling energy requirements in urbanized

Indian regions.
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1. Introduction

Global warming has become a major environmental concern in the last few decades, with
global mean surface temperature rising by 0.87°C in 2006-2015 relative to 1850-1900 (Hoegh-
Guldberg et al. 2018). Increasing global temperatures have coincided with an increase in
frequency of heatwaves in most land as well as marine regions (Baldwain et al. 2019; Frolicher
et al. 2018). Due to the intensification of the hydrological cycle, the frequency of floods and
droughts have also increased at the global scale (Zhang et al. 2019). These changes threaten
many natural ecosystems as well as agri-ecosystems by impacting crop yields (Hoegh-
Guldberg et al. 2018). In addition, fisheries and aquaculture also face increasing risk from

ocean warming and acidification (Reverter et al. 2020).

As of 2012, India contributed 5.7% of global carbon emissions of 34.5 billion tons/year
maintaining a per capita emission of 1.6 tons/ person (Olivier et al. 2013). India aims to reduce
its carbon emissions intensity (CO2 emissions per GDP) by 33-35% by 2030 from 2005 levels,
which will be enabled, in part, by a transition to cleaner energy sources as India aims to generate
40% of the electricity from non-fossil sources (Zhu et al. 2018). Nearly a third of the electricity
generated in India is consumed by domestic and commercial sectors, which includes household
and commercial cooling demands. The contribution of cooling requirements to electricity
consumption is poised to increase sharply in the coming years as a result of increasing
appliance ownership (IEA, 2021). For example, Indians may operate nearly 1 billion air
conditioning units by 2050. According to the latest assessment by IEA (2021), under a standard
policy scenario, the electricity demand for cooling may increase by six-fold by 2040, with
electricity use peaking in early evening. At present, nearly 80% of electricity requirements are
met by thermal power plants while remaining from nuclear (~2%), hydro-electricity (8.7%),
and other renewable sources (8.3%) (MoSPI, 2020). Energy access is still poor and unreliable,
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in fact, energy poverty is more prevalent as compared to income poverty in India (MoSPI,
2020; Sedai et al., 2020). Thus, the energy policy for India needs to address the challenges of
sustainability and equity in distribution of energy while also reducing carbon emissions

(Solanki et al., 2020).

Global warming related heatwaves will result in increasing energy requirements and cause
power outages due to unprecedented peaks in electricity use (Ciancio et al. 2020; Zhang et al.
2021; Petri and Caldeira 2015; Mishra et al., 2019; Lipson et al., 2019 and Yaduvanshi et al.,
2021). Thus, innovative strategies for building cooling requirements need to be developed that
can be either applied during construction or retrofitting stages (Ascione et al. 2017; Balaban
and de Oliveira, 2017; Zhao et al. 2019; Hossain and Poon, 2018; Zhang et al. 2021). These
approaches include novel cooling systems design such as the roof-integrated radiative air-
cooling system proposed by Zhao et al. (2019), adopting solar absorption air-conditioning
(Solano-Olivares, 2019), etc. Long-term energy planning of buildings using a multi-stage
multi-objective approach to identify the suite of best possible energy conservation measures
would also enable a transition to sustainable building designs (Ascione et al. 2017). As the
extensive use of air conditioning is also likely to have a detrimental impact through the urban
heat island effect, design of sustainable air conditioning systems would be crucial in mitigating

negative health impacts of global warming (Tremec et al. 2012).

In order to design and manage buildings under warming conditions, planners require
information regarding the probable changes in cooling requirements in the future. Air
temperature followed by relative humidity are the dominant climatic variables affecting energy
consumption in a building (Sailor et al., 2011; Lee et al., 2014; Kumar et al., 2020; Maia-Silva

et al., 2020). The concept of degree days is often used to relate outside climatic conditions and



energy consumption (Thom, 1959; Quayle and Diaz, 1980, De Rosa et al., 2014). Two related
variables: heating degree days (HDDs) and cooling degree days (CDDs), are commonly used
to calculate the energy required to warm up and cool down buildings, respectively. Although
the use of degree-days has some shortcomings (Mc Intyre et al., 1987; Moral-Carcedo and
Vicens-Otero, 2005; Antunes Azevedo et al., 2015), they are widely applied for climatological
and impact analysis in India (Gupta et al., 2012, Borah et al., 2014; Bhatnagar et al., 2018) as
well as other regions (e.g., Wang et al., 2010; Castafieda and Claus, 2013; Spinoni et al., 2018,

Morakinyo et al., 2019; Shi et al., 2018; Ramon et al., 2020; Islam et al., 2020).

A number of studies have assessed the historical changes in CDD values at various spatial
scales such as cities (Badescu et al., 1999), countries (Morakinyo et al., 2019; Islam et al.,
2020) and buildings (Christenson et al., 2006; Bhatnagar et al., 2018). More recently, Biardeau
et al. (2020) estimated global air conditioning requirements based on CDD values using
population and daily temperature data across 1692 cities in the world. They reported that India
has highest exposure to rising CDD compared to any other place in world. The application of
degree days indicators in energy studies on India has been spatially restricted to buildings,
cities, or specific regions as well as temporarily to short historical periods at hourly or daily
scale (Shanmugapriya et al., 2011; Borah et al., 2015; Bhatnagar et al., 2018). For example,
Borah et al. (2015) analysed HDD and CDD for three climatic zones in northeast India and
found that hourly temperature data is more suitable than daily data for degree days calculation.
However, availability of hourly temperature data can be challenging. Desai et al. (2019) have
developed a python-based toolbox to estimate energy consumption for 59 Indian cities covering

five types of buildings using hourly temperature data.



In our study, we make two main contributions. First, we analyse the spatiotemporal trends in
CDD across India at the scale of fine administrative units for the historical time period using
observational datasets. To date, a country-wide assessment of CDDs has not been carried out
using available observations, and our analysis would help understand the changes in cooling
requirements in recent past. Our second contribution is the development of a framework that
quantifies the risk associated with rising CDDs in the future using downscaled climate model
outputs and two different vulnerability indicators. We use per capita Gross Domestic Product
(GDP) to represent the ability to cope with rising energy demands. We also include a
sustainability oriented vulnerability metric that quantifies the relative contribution of non-
renewable energy to total energy usage in electricity. In addition, our risk framework quantifies
future exposure using projected population under different Shared Socioeconomic Pathways
(SSPs; Riahi et al., 2017). Specifically, we address the following objectives:

1. Analyse the spatiotemporal changes in CDD values in the historical time period (1951-2019)
across India.

2. Quantify the projected changes in CDD values under 1.5°C, 2.0°C, and 3.0°C warming
worlds and associated uncertainties.

3. Quantify the risk of CDD exposure in ten most urbanized regions in India and understand

how risk is related to CDD and other factors.

2. Data and Methods

2.1 Data

We performed our analysis for lower-level administrative divisions of India, termed districts.
The choice of the spatial scale is made considering that districts are often considered as a unit
for program implementation and development planning in India. The data sources used in the

study are summarized in Table 1. As the temperature data is available as a gridded product, it



IS area-averaged to obtain district-wise estimates. Observed temperature data from 1951-2019
is used to analyse the statistical trends in CDD. Observed population data for the year 2011 can

be downloaded from https://www.census2011.co.in/city.php. GDP data for 2011 is available at

https://www.aegonlife.com/insurance-investment-knowledge/which-are-indias-top-10-cities-

by-gdp!/.

Future projections of temperature are obtained from the downscaled and bias-corrected
product developed under the Inter-Sectoral Impact Model Intercomparison Project (ISI-MIP,
Warszawski et al., 2014). The projections are available for five general circulation models
(GCMs) from the coupled model intercomparison project-5. These are: GFDL-ESM2M,
HadGEM2-ES, IPSL-CM5A-LR, MIROC-ESM-CHEM, and NorESM1-M. Projections are
available for three representative concentration pathways (RCPs), RCP2.6, RCP6.0 and
RCP8.5. Population and GDP projections are obtained at 0.5° grids for decadal time steps
from 1980 to 2100 (Murakami and Yamagata, 2019;

http://www.cger.nies.go.jp/gcp/population-and-gdp.html). This global dataset was generated

by downscaling the urban population, nonurban population, and gross domestic productivity
(GDP) (Billion USD at 2005-year rate) by country under three shared socioeconomic
pathways (SSPs) namely, sustainability (SSP1), middle of road (SSP2) and regional rivalry
(SSP3). SSPs are generated by considering various aspects such as climate change
vulnerability, adaptation, land use change, and emission pathways that wield control over
demography (O’Neill et al., 2014). Projections of population and GDP for each district for
1.5°C, 2.0°C, and 3.0°C WLs are estimated as the median value out of decadal SSPs datasets,
following procedures described in Singh and Kumar (2019) and Kumar and Mishra (2020).
The projected population and GDP are used to estimate relative change values between future

and reference periods and are applied to the year 2011 values.


https://www.census2011.co.in/city.php
https://www.aegonlife.com/insurance-investment-knowledge/which-are-indias-top-10-cities-by-gdp/
https://www.aegonlife.com/insurance-investment-knowledge/which-are-indias-top-10-cities-by-gdp/
http://www.cger.nies.go.jp/gcp/population-and-gdp.html

Table 1. Various data products used in the analysis along with their spatial resolution, time

period and associated data sources.

SNo. | Variable Spatla}l Time Period Data Source Reference
Resolution
Observed
. oeno India Meteorological Gupta et al.,
1 Daily Mean 1°x1 1951-2019 Department, IMD 2020
Temperature
. Inter-Sectoral |
Projected e SeI\C/I((J)(Elael e Warszawski et
2 Daily Mean 0.5°x0.5° 2005-2100 .
Temperature Intercomparison al., 2014
P Project ISI-MIP
Observed
. _— Census-2011 Singh and
3 Population District 2011 Kumar, 2019
Data
Projected Murakami and
4 Population 0.5°x0.5° 1980-2100 SSP 1to SSP 3 Yamagata,
Data 2019
Business
5 Okgg\P/ed District 2011 World-June
2017
Proiected Murakami and
6 J 0.5°x0.5° 1980-2100 SSP1 to SSP3 Yamagata,
GDP Data
2019
Relative
contribution CDP-ICELI
of non- _— Carbon Disclosure Unified
! renewables District 2020 Project (CDP Portal) Reporting
to electricity System
suppplied

2.2 Estimation of Cooling Degree Days (CDDs) and Statistical Analysis

Degree days are a climate statistic originally developed by the US utility companies in the
1930s for estimating the demand for coal and gas based upon typical energy usage (Sailor and
Munoz, 1997; Borah et al., 2015). CDD is estimated as an accumulated difference between the
daily mean temperature and a given reference temperature over a certain period (Barger and

De, 2001). We calculate CDDs values using Eqg. (1).


https://imdpune.gov.in/Clim_Pred_LRF_New/Grided_Data_Download.html

CDD = Y71(Ty(t) = Ty) forTy(t) =Ty; else . (1)

In Eq. (1), temperature T,(t) is the daily mean temperature [°C], T, is the reference temperature
[°C], tis the index for each day from the first to nth day in a year. It follows that the units of
CDD is also °C. The CDD value thus obtained is for each year by adding daily values. The
CDD value for a time period spanning several years is obtained by averaging the annual CDD

values across all years.

The reference temperature should be chosen such that it adequately represents the threshold
beyond which cooling requirements emerge in a given climate. It therefore incorporates the
effects of local conditions on cooling requirements. Thom (1952) first adopted a value of
18.3°C, which was also used by the recent global analysis by Biardeau et al. (2020). Several
choices have been used in the past such as 18°C, 20°C, 26°C and 28°C (Kadioglu and Sen
1999; Yildiz and Sosaoglu 2007; Elizbarashvilli et al. 2018). For India, Bhatnagar et al. (2018)
identified 18°C as the reference temperature for cooling and heating after performing an energy
simulation-based analysis for 60 cities of India. Here, we have also adopted 18°C as the

reference temperature following the India-wide analysis by Bhatnagar et al. (2018).

Two statistical tests, namely the Pettitt’s test and the Mann-Kendall’s test (Kendall, 1975), are
applied on annual CDD time series to assess whether any break or trends are present in annual
CDD values. We first apply the Pettitt’s test to identify change points in the data. Then the
Mann-Kendall’s test is used to identify significant monotonic changes in annual CDD values
after the change point to focus on recent trends in annual CDD values. The Pettitt’s test is one
of the important non-parametric tests to assess the change in a time series (Pettitt, 1979;
Sneyers, 1991; Verstraeten et al. 2006). According to Pettitt’s test, X1, Xo,..., Xn IS a Series of

observed data with a change point at time t such that the distribution of data points prior and



after the point t is Fy(x) and F2(x), respectively. The non-parametric test statistics U for this
test is estimated using Eq. (2). The test statistic K and the associated confidence level (p) for

the sample length (n) are estimated using Egs. (3-4).

= zt: zn: sign (x; — x;) (2)

i=1 j=t+1
K = Max |U,| 3)
= () 4
p = exp le + n3 ( )

The series will be divided into two parts at the location of change point where the significant
change point exists. If the p-value is less than the significance level a, the null hypothesis that
no change in the distribution of a sequence of random variable is considered to be rejected.
Further details on the Pettitt test can be found in Jaiswal et al. (2015) and Dhorde and

Zarenistanak (2013).

The Mann-Kendall trend test is widely used in detecting statistically significant tendencies in
environmental datasets, and has been recommended by the World Meteorological Organization
(Irannezhad et al. 2014; Gavrilov et al. 2016). The test is based on a null hypothesis (HO) that
states that there is no trend in the time series and the data are independent and randomly
ordered. The alternative hypothesis (Ha) indicates a trend in the time series. The test statistic S

for a time-series () is estimated using Eq. (5).

n-1

= Z sgn (= x) 5)

In Eq. (5), sgn represents the signum function. Hence a large positive value indicates that the
later observations are larger than the previous ones, thereby indicating a positive trend, and
vice versa. An advantage of this test is that the assumption of normality is not required (Helsel

and Frans 2006).
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2.3 Risk assessment framework

Global warming coupled with increasing population, income and urbanization are likely to
contribute to a steep rise in cooling demands (Campbell et al., 2018 and Khosla et al., 2021).
India has about four times more population and three times as many CDDs per person as the
United States (Sivak et al., 2013). Most analyses of cooling risk using CDD focus on the hazard,
i.e., changes in CDD and its trends. However, the severity of risk associated with increasing
CDD values would be modulated by exposure of the population as well as underlying
vulnerabilities. Climate-related risk analyses on hazards such as heat waves (He et al., 2019
and Estoque et al., 2020), floods (Canccado et al., 2008; Kazmierczak and Cavan, 2011 and
Armenakis et al., 2017), and droughts (Cardona 2011 and Prabnakorn et al.,2019)
conceptualize risk as a function of hazard, exposure and vulnerability, a definition also adopted
by the Fifth Assessment Report of the Intergovernmental Panel on Climate Change (IPCC,
2014). This framework is in line with the field of disaster risk reduction and Crichton’s risk

triangle (UNSIDR, 2017; Crichton, 1999).

Following prior approaches, we define risk considering the three dimensions of hazard,
exposure, and vulnerability. Hazard is a natural phenomenon that may cause damage to people,
property, and the environment. Exposure is defined as the extent with which an environmental
hazard affects a group of people or the system. Vulnerability captures the susceptibility of the
exposed system or people to damage. Vulnerability is characterized by the physical, social, and
economic conditions of the system that make it susceptible to the damaging effects of a hazard
(Philip and Rayhan, 2004). It is possible to be exposed but not vulnerable. For instance, people
residing in heat wave affected areas could cope up with hazard depending on the availability

of sufficient (cooling) means. The risk associated with hazard, exposure and vulnerability
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metrics can be combined using Eq. (6) (INFROM Global Risk Index, 2018; Cardoni et al.,
2021). In Eq. (6), the hazard is quantified using average annual CDD values across the time
period of assessment, and exposure is quantified as the population of the region for which CDD

is assessed.

1
Risk = (Hazard * Exposure * Vulnerability)s (6)

Vulnerability is a critical factor in risk calculations and also one that is more difficult to
quantitatively characterize. Here, we considered two aspects related to rising degree-days that
may affect populations in the context of cooling energy requirements: 1) the economic resource
available to a population to respond to rising cooling demands, and 2) the relative amount of
cooling energy being supplied by non-renewable sources as compared to the renewable
sources. Per capita GDP has often been used to characterize a population’s ability to cope with
heat stress (Jagarnath et al., 2020), and therefore used here similarly. Higher values of per
capita GDP will be associated with lower risk scores as populations with elevated income levels
would have adequate means to deal with higher temperatures (Bosello et al., 2006,
Ahmadalipour et al., 2019). The source of energy becomes crucial from a sustainability
perspective. Regions heavily dependent on non-renewables witnessing increasing degree-days
are likely to pose a greater risk from increasing carbon emissions. Note also that data limitations
prohibited a detailed exploration of implications of energy sources. So, the comparison across
vulnerability metrics is limited to five urbanized districts while per capita GDP based risk

metrics are compared across ten urbanized districts.

12



Each component is re-scaled to vary from 1 to 10 so that none of the individual components
dominate the risk calculation (Eqg. 7, INFROM Global Risk Index, 2018). In EQ. (7), Xscated
is the scaled value of the variable, Xes is estimated value of variable (hazard, exposure and
vulnerability) at a given location, Xmin and Xmax are the minimum and maximum value of the
variable across all locations and warming levels. Per capita GDP values are multiplied by -1

prior to scaling as it is inversely related to risk score.

Xscatea =1+9 (M) (7)

Xmax— Xmin

2.4 Projections at different warming levels

A warming level corresponds to a time period when the global mean temperature rises above
the pre-industrial level by the amount specified by it. Each GCM-RCP combination will reach
a certain warming level in a different time period as it represents varying climate dynamics and
forcings. These time periods are identified using the approach proposed by Vautard et al.
(2014), which has been used in a number of recent analyses (Masson-Delmotte et al. 2018,
Singh and Kumar 2019; Kumar and Mishra, 2020; Sieck et al., 2021). Historical records
indicate that the global mean temperature for the reference period 1971-2000 was around
0.46°C higher than the pre-industrial period (1881-1910) (Jacob et al., 2018). Thus, the
procedure identifies 30-year time periods when global mean temperature reaches 1.04°C,
1.54°C and 2.54°C above the reference period (Supplementary Table S1). Then, the relative
change in average annual CDD for each GCM-RCP combination is calculated by using the

average annual CDD values for the reference period 1971-2000 as a baseline using Eq. (8).

R = 100( (8)

(CDDp+1)—(CDDR+1) )
CDDR+1

In Eq. (8) R is the relative change in %, CDDg and CDDy are the average annual CDD values

for the reference period and future period, respectively. Note that both values are incremented
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by 1 to allow finite values of R in cases when reference period value may be 0. Using three
RCPs and five GCMs results in 15 GCM-RCP combinations for which relative change in CDD
is projected for each warming level. The risk analysis uses median values of average annual

CDD across the 15 GCM-RCP.

3. Results and Discussion

We begin our results section with a description of observed trends in CDD for the historical
time period 1951-2019 (Section 3.1). Following this, the projected changes in CDD across
India are discussed for each warming level (Section 3.2). We conclude with the risk analysis

for most urbanized regions is detailed in Section 3.3.

3.1 Spatiotemporal trends in observed CDD for 1951-2019

Mean annual CDD values for 1951-2019, as estimated by observed IMD data, range from
586°C to 3863°C across the districts of India (Figure 1a). As expected, the lowest mean annual
values of CDD are found northern most regions of the country that are dominated by
mountainous terrains and cooler climate. Notably, highest CDD values (>3000°C) are found in
the eastern parts of Peninsular India, despite the presence of the Thar desert in the north-western
region. Despite recording highest daily temperatures during summers, the CDD values in these
drier (desert) dominated districts remain lower than the regions in eastern Peninsular India
because of lower winter temperature. We also find a distinct rise in annual CDD values in the
recent years (Figure 1b). The mean annual CDD value has been exceeding 4000°C in a few

districts since 1980.
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Figure 1. (a) Spatial distribution of observed mean annual cooling degree-days (CDD) values
[in °C] across India for 1951-2019. (b) Boxplot of observed annual CDD (x-axis) across all
administrative units for each decade. The median CDD value for each decade is represented
by the horizontal black line within the box while the edges represent the 25™ and 75 percentile
CDD values. The whiskers extend from the box to 1.5 time the inter-quartile range, the
difference of 75" and 25" quartiles. Data beyond range of whiskers are shown

individually.(Coloured Figure)

The Pettitt’s test identified a large range (1961-2008) of change points in annual CDD time
series across India for 1951-2019 (Figure 2a). However, only 62% of these change points were
statistically significant with p-Value < 0.01. The median value of the year of abrupt change in
annual CDD for statistically significant change points was 1993, while the 25" and 75" quantile
of change years was 1981 and 1997, respectively. The year of abrupt change in annual CDD
occurred earliest in south eastern India around 1970, followed by the southern peninsular region
around 1980. For regions with statistically significant change points, we further carried out the
Mann-Kendall test on the annual CDD times series after the change point (Figure 2b). The

Sen’s slope ranged from 2.93 to 16.87 °C/year for regions with statistically significant (p-Value
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< 0.01) trends. Highest slopes are observed for the mountainous regions in northeast India
although the change point there occurred later. Note also that the Mann-Kendall test identified
an increasing trend for a majority (88%) of regions in India after the change point, even though

many of these were not statistically significant.
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Figure 2. a) The year of abrupt change in annual CDD values as identified by the Pettit’s test
for each administrative unit 1951-2019. Only statistically significant (p-Value < 0.01) change
points are shown in grey scale and further analysed by the Mann-Kendall test. b) Sen’s slope
of annual CDD values for administrative units with statistically significant trends as identified
by the Mann-Kendall test. The slope is estimated for the time series following the year of abrupt
change. In both panels, white regions correspond to p-Value > 0.01 for the Pettitt and Mann-

Kendall test. (Coloured Figure)
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To further interpret the results from the Pettitt’s and Mann-Kendall test, we visualize the
observed annual CDD time series for two example regions: Delhi and Chennai (Figure 3). The
year of abrupt change in CDD values occurs much later (1997) in Delhi when compared to
Chennai (1978). Note also that the change point for Delhi was not statistically significant (p-
Value > 0.01). The change in CDD values following the year of abrupt change is also more
drastic for Chennai (5.09 °C/year) when compared to Delhi (1.13 °C/year). Again, the trend
from Mann-Kendall test is not statistically significant for Delhi, even though it indicates likely

increasing CDD values.
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Figure 3. Time series of annual CDD values for a) Delhi, and b) Chennai for 1951-2019. The
year of abrupt change in annual CDD values as identified by the Pettit’s test is shown as
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vertical solid line. Sen’s slope for annual CDD values is also shown for the period after the
year of abrupt change. Significant trends (p-Value <0.01) as identified by the Mann-Kendall

test are highlighted by solid lines for Sen’s slope in case of Chennai.

3.2 CDD projections under 1.5°C, 2°C and 3°C warming levels

Cooling demands as represented by CDD values are projected to increase across all regions of
India for all three warming levels (Figure 4). The median value of the relative increase in CDD
across 15 GCM-RCP combinations is used as an estimate of the likely change in CDD for each
warming level and is further analysed. A majority (90%) of regions are likely to experience a
5-14%, 13-80%, and 22-160% increase in average annual CDD at 1.5°C, 2°C and 3°C warming
levels, respectively. Note also that as different climate models and concentration pathways
attain a warming level at different future periods, these changes are likely to occur between
2006-2076, 2016-2089, and 2035-2096 for the 1.5°C, 2.0°C, and 3.0°C warning levels,

respectively (Supplementary Table S1).

The projections show a clear advantage of limiting global warming below 1.5°C, when
compared to 2.0°C and 3.0 °C as the former entails much lower average annual CDD values as
well as extremes. For example, only 24 regions are likely to experience average annual CDD
exceeding 4000°C in the 1.5°C warmer world, but this number rises to 46 (159) in the 2.0°C
(3.0°C) warmer world (Figure 4, grey outlines). These extreme CDDs will be experienced first
in south-eastern regions that are already known to experience high summer heat. The 3.0°C
warmer world presents a concerning picture with large parts of southern peninsula likely to
experience average annual CDDs exceeding 4000°C, in addition to regions in the western

desert regions and a few along the west coast.
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On comparing the performance of GCM projected CDD for the reference period of 1971-2000
to observed data, we find a generally good skill in capturing CDD values across all GCMs
(Supplementary Figure S1, Table S2). However, considerable biases are noted for regions with
lower CDD values (<2000 °C), especially in northeast India. Climate models used in the
present study are known to have cold biases (Basha et al., 2017) especially for Himalayan and
North Eastern region (Liu et al., 2014 and Basha et al., 2017). Models that include cloud
interaction and aerosols dynamics show relatively less temperature and a cold bias. (Lohmann

et al. 2007).

ACDD [%]
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Figure 4. Relative change in average annual CDD values for a) 1.5 °C, b) 2.0 °C, and c) 3.0
°C rise in global mean temperatures compared to pre-industrial levels for administrative units
across India. Grey outlines highlight regions with median values of average annual CDD
exceeding 4000°C. The median of relative changes values across 15 GCM-RCP combinations
is plotted. Panel (a) locates the urban regions considered in the risk analysis. (Coloured

Figure)
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The future trajectories for annual CDD values exhibit considerable variability across the ten
most urbanized regions of India (Figure 5, Supplementary Figure S2). In the reference period,
Chennai has the highest average annual CDD values with the median across five climate
models as 3945°C. Cooling demands are expected to rise sharply for Chennai under RCP 8.5
when this value is projected to reach 5660°C by the end of the century. Regions such as Surat,
Hyderabad, and Ahmedabad are also likely to experience high CDD values (>5500°C) by the
end of century under RCP8.5. The maximum average annual CDD values for Delhi, Kolkata,
Jaipur, Mumbai and Pune regions are expected to remain below 5000°C, while for Bengaluru
and Pune are excepted to remain below 4500°C. The recent analysis by Rai and Ukey (2021)
found a similar significant increasing trend in historical and projected CDDs for eight cities
across India at decadal scale (1.3-3.8% in 1969-2017). In addition, they also report an expected
rise of 8.3%-54.1% in CDD values by 2050 in these cities. These top ten urbanized regions are
projected to experience CDD values above the national average under all 15 GCM-RCP
combinations, suggesting an increasing demand for household level cooling in urban regions.
Elevated levels of CDD coupled with increase in population and GDP could pose a severe
challenge on the existing vulnerabilities of urbanised districts, thus necessitating a risk analysis

that considers these conditions simultaneously.
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Figure 5. Annual CDD values for a) Chennai and b) Delhi, two of the ten most urbanised
districts of India for the time period 1971-2099. Observed CDD is plotted using solid black
circles. The ensemble median and inter-quartile range across five GCMs for the period 1971-
2005 is indicated by solid grey lines and background grey shades, respectively Coloured lines
trace the median CDD across five GCMs for each RCP for the time period 2006-2099.
Background shades indicate the interquartile range of annual CDD values across five GCMs.

(Coloured Figure)
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3.3 Risk assessment for most urbanised districts

The risk associated with CDD hazard was highest for Chennai, Mumbai and Kolkata, in that
order, when using GDP per capita as a vulnerability metric and population as exposure metric
for the year 2011 (Table 3). These risk scores are primarily driven by population and CDD
values, standardized values of these metrics have a Pearson correlation coefficient of 0.65 (p-
Value<0.05) with the risk scores. On the other hand, per capita GDP does not play an important
role in determining the risk scores for 2011 with Pearson correlation coefficient of -0.1 with
risk scores at a p-Value >0.05. While Delhi has greater population, Kolkata’s slightly higher
CDD value puts it at an overall slightly higher risk on the risk score. Noteworthy is the finding
that apart from Chennai and Hyderabad, two other districts with CDD exceeding 3000 degree-
days (Ahmedabad and Surat) do not feature in the top 5 most risky districts owing to lower
population. Therefore, the risk associated with cooling demands is driven by population
followed by CDD values in 2011, with the vulnerability metric (per capita GDP) playing a

secondary role.

Table 3: Risk calculation using hazard (CDD), exposure (population) and vulnerability (per

capita GDP) for ten most urbanized districts of India for the year 2011.

District Hazard, CDD Exr?qsure, Population VuIr‘1erabiIity, GDP per Risk
[°C] [millions] capita [S/person] Score [-]

Ahmedabad 3276 6.4 10667 4.23
Bengaluru 2409 8.5 10375 2.83
Chennai 3866 8.7 7333 5.56
Delhi 2703 16.3 10438 4.52
Hyderabad 3236 7.7 9250 4.58
Jaipur 2910 3.0 8000 3.08
Kolkata 2986 14.1 10714 4.97
Mumbai 2944 18.4 11611 5.28
Pune 2741 5.0 9600 3.25
Surat 3269 4.6 8000 4.04
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Table 4: Risk calculation using hazard (CDD), exposure (population) and vulnerability (per

capita GDP) for ten most urbanized districts of India for 1.5°C, 2.0°C, and 3.0°C warming

levels.
District CDD [°C] [Pn?\ﬁﬁcljarf;?n [Gssgea(:;;?plta Risk Score [-]
1.5°C 2°C 3°C 1.5°C 2°C 3°C 1.5°C 2°C 3°C 1.5°C 2°C 3°C
Ahmedabad 3746 3987 4313 7.2 7.9 8.3 21857 41625 85125 4.81 4.89 4.02
Bengaluru 2933 3157 3484 9.8 11.0 114 20100 40455 77636 4.25 4.43 4.00
Chennai 4201 4376 4734 111 134 15.1 17091 37615 77867 6.10 6.15 5.49
Delhi 2917 3117 3490 188 19.3 194 20684 42474 81263 5.16 5.16 4.64
Hyderabad 3552 3788 4204 8.7 9.1 9.2 19778 42667 80333 5.01 486 4.26
Jaipur 3042 3281 3660 3.3 33 3.2 18333 37000 67667 3.15 3.20 3.07
Kolkata 3447 3674 4103 18.0 21.7 24.2 23111 47182 96500 6.00 6.17 4.90
Mumbai 3643 3834 4216 23.7 308 374 24917 53258 112622 6.86 6.93 431
Pune 3055 3262 3657 6.2 7.4 8.3 22000 47714 91000 3.80 3.87 3.38
Surat 3763 3985 4261 5.8 6.8 7.4 18667 41143 98000 4.66 4.70 3.36

On further analysing the risk values under the 1.5°C warming level, we find a similar greater

influence of population exposure on the risk scores with a statistically significant high Pearson

correlation coefficient between the risk score and standardized population (p-Value < 0.01,

coefficient =0.82). Mumbai, with the highest projected population, attained highest risk score

despite highest per capita GDP and fourth highest CDD value (Table 4). Neither per capita

GDP nor CDD had a statistically significant relationship with the risk scores, but their

complementary impact on risk score was evident. For example, even though Chennai ranks 4™

in population, it attains the second highest risk score due to highest CDD values and lowest per

capita GDP under the 1.5°C warming level.
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The impact of rising population on CDD related risk is even more evident in the 2.0°C warmer
world with a statistically significant Pearson correlation coefficient between the risk score and
standardized population (p-Value < 0.01, coefficient =0.87). In the 2.0°C warmer world,
highest risk score is again attained by Mumbai owing to high population and fourth highest
CDD. Note that despite having highest per capita GDP, the risk score for Mumbai indicates the
possibility of an alarming impact of rising heat related hazard on its population. Similarly,
despite having only the fourth highest CDD value, Kolkata ranks second in its risk score in the
2.0°C warmer world due to its high population. Thus, population increase will primarily govern
the risk associated with CDD in the 2.0°C warmer world. Notable exceptions are Bengaluru
and Ahmedabad, higher CDD values make Ahmedabad at higher risk than Bengaluru despite

a lower population.

The 3.0°C warmer world results in much more complex interactions between hazard,
vulnerability and exposure metrics, neither attaining any statistically significant correlation
with the risk score. The highest risk score for this warming level is attained by Chennai owing
to its highest CDD value, fourth highest population, and lower per capita GDP. Kolkata attains
the second highest risk score primarily owing to its high population despite moderate CDD
values. Mumbai ranks fourth in CDD related risk in this warming level due to rapid economic
growth improving per capita GDP. Ironically, Jaipur, an urban district in a hot desert, maintains
the lowest risk score across all future time periods owing to its lower CDD (cold winters) and

population, despite having lower per capita GDP.

We further contrast the risk scores considering two vulnerability metrics. The relative

contribution of non-renewables to electricity supplied to Bengaluru, Chennai, Delhi, Jaipur and

24



Kolkata is 85.0%, 52.1%, 58.1%, 50.0%, and 92.1%, respectively. The resulting risk scores
indicate a significant impact of choice of the vulnerability definitions on inferred risk values
(Figure 6, Supplementary Tables S3-S5). For the year 2011, Kolkata attains the highest risk
score considering the energy-source as a vulnerability indicator, while Chennai attains the
highest risk score when per capita GDP is considered. This is due to the high dependence on
non-renewables for electricity in case of Kolkata, and the lower per capita GDP for Chennai.
Bengaluru and Jaipur attain the 4™ and 5™ rank in risk score using either vulnerability metrics.
Despite a higher per capita GDP and lower CDD, Bengaluru has a higher risk score than Jaipur
due to its higher population. Using source of energy as a vulnerability metric further increases
the difference in the risk score between Bengaluru and Jaipur due to the former’s greater

dependence on non-renewables.

The influence of energy source on risk score is more prominent as the warming levels increase
(Figure 6). Due to its high dependence on non-renewables, Kolkata’s risk score is the greatest
across all risk values, the highest score of 9.11 attained in the 3.0°C warming level when energy
source is considered. On similar lines, Bengaluru attains the second highest risk score across
all urban districts for each warming level when considering energy source as a vulnerability
metric, but fourth highest when considering per capita GDP. Considering per capita GDP,
Chennai attains the highest risk score for 1.5°C and 3.0°C warming levels, surpassed by
Kolkata only in the 2.0°C warming world. This is due to the complex influence of population,
CDD changes and per capita GDP on the risk scores. Similarly, Jaipur always attains the lowest
risk scores due to lowest population and lowest dependence on non-renewables. The energy-
source based risk scores consistently increase in magnitude with rising warming levels, while

per-capita GDP based risk scores attain the highest value at the 2.0°C warming level, thereby
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reducing in the 3.0°C warming level. This is due to a sharp rise in per capita GDP in the 3.0°C

warming world, which compensates for the influence of increasing population and CDD.
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Figure 6. Vulnerability (z-axis), hazard (y-axis), and exposure (x-axis) for five urbanized
districts of India in 2011 (historical), 1.5°C, 2.0°C and 3.0°C warming worlds. Size of markers
represent the relative risk score. The marker type represents different time periods. Two
colours differentiate vulnerability metrics based on per capita GDP (red) and percentage of
non-renewable energy contribution to electricity (blue). Numbers corresponds to the urban
districts. Note: axis values may be distorted due to viewing angles. Please refer to

Supplementary Tables S3-S5 for details. GDP: Gross Domestic Product. (Coloured Figure)

4. Conclusions
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Our results indicate a clear benefit of limiting global warming levels to below 1.5°C by limiting
the rise in degree-days between 5-14% across majority of the country. Less than 10% of the
administrative units across India are likely to experience average annual CDD exceeding
3690°C at the 1.5°C warming level. However, under the 3.0°C warming level, nearly 50% of
the administrative units are likely to exceed this value. We identify Mumbai with highest risk
score under 1.5°C and 2.0°C warming levels, and Chennai with the highest risk score in the
3.0°C warming level, when comparing the top ten urbanized regions using per capita GDP
based vulnerability metric. Despite its higher average annual CDD values, Chennai remains
second to Mumbai in two out of three warming levels due to the important role of population

in determining risk scores.

Similarly, we find a considerable influence of the choice of vulnerability metric in determining
the risk score. Kolkata consistently attains the highest risk score when energy-source is
considered. On the other hand, Chennai is placed fourth out of five regions despite its higher
CDD values due to its lower dependence on non-renewables. This also indicates the great role
that energy policy will play in alleviating these risks. An increasing reliance on renewables is
likely to offset the negative emission consequences of increasing CDDs. According to IEA
(2021), India’s long-term energy planning needs to account for potentially rising peak demands
due to increase in air conditioning and other appliance use in households. It also needs to
consider the need for increased flexibility in power systems to support renewable energy
transition, including increase battery storage, coordinating use of electricity among domestic

and agriculture sectors in a day, etc.

There are a number of ways our analysis can be improved to further strengthen its policy

relevance. CDD is not a perfect indicator to measure cooling demands as it entirely driven by
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temperature. Additional variables such as humidity and solar radiation could provide detailed
information on energy demands (Kumar et al. 2020; Maia-Silva et al. 2020; Rastogi et al.
2021). Future projections of humidity indicators at fine resolution would help the researchers
to get the more robust findings. Our analysis also indicates a room for improvement in climate
model reproduction of CDD values. Though climate models are generally to capture
temperature quite well, our results point out the need to improve predictions in cold regions.
Furthermore, due to unavailability of electricity source data at fine spatial resolution, our risk
assessment is restricted to only five districts of India. To inform adaptation strategies across all
India, there is a dire need of climatic, socio-economic, and energy data sets at fine spatial

resolution.

India has come up with the India Action Cooling Plan in March 2019 to provide sustainable
and smart cooling for the next 20 years (Cell,O., 2019) Although the plan seeks reduction in
cooling demand and focuses on sustainable cooling to lower emissions, our analysis shows that
the challenges will vary by cities. Rising temperatures, dense populations, and high-income
levels will pose challenges to reduce the risk of CDDs in the urban cities of Kolkata, Chennai
Delhi and Mumbai. With use of renewable energy sources and low GHG emission, efforts can
be made in achieving sustainable cooling targets. India’s target of 450 gigawatts renewable
energy capacity by 2030 could be a stepping stone in the process of meeting India’s sustainable
goals (Gupta and Bonds 2020). Risk assessment presented here is first of its kind in analysing
CDD risk by looking at existing vulnerabilities of most urban districts. Findings could also
contribute to national level policies by highlighting the gravity of adapting renewable energy

sources and motivating in achieving sustainable ways of fulfilling the cooling demand.
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