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Abstract
This study used gridded daily maximum temperature data (1 9 1) for 1951–2014 period to analyze the trend in monthly
extreme warm days (ExWD) and changes in its probability distribution in each grid. It also analyzed the trend in spatial
spread of annual ExWD over the study period at four exceedance levels and further related the number of ExWDs with cereal
crop productivity of India. Extreme warm days have increased throughout India but were statistically significant in 42%
grids. The increase was consistent over all the months in north-eastern region, southern plateau and both the coastal plains. It
also increased significantly over north-western and central India during April to June summer period. The probability
distribution of ExWD also changed significantly in many grids, especially in southern plateau and both the coastal plains.
The changes indicated increased frequency in the existing levels of extremes and new occurrences of higher frequency of
extremes. The analysis of land area affected by different levels of extremes indicated significant increase, with the rate being
highest for higher extremes. In terms of extreme warm day temperatures, the study identified southern plateau, east and west
coast plains, and north-eastern India as highly vulnerable. Using copula probability model, study showed that increase in
ExWD from 20 to 60% may increase the probability of 5% or more yield loss from 17 to 53% for Kharif cereals, 11 to 43%
for Rabi cereals and 19 to 63% for wheat crop. The results may be used for devising zone specific adaptation strategies.
Keywords Extreme events  Climate variability  Climate change  Probability  Copula  Crop yield

1 Introduction
Nowadays climate change and variability discussions are
often dominated by the climatic extremes rather than just
the trends in the mean of the climatic variables like
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temperature and rainfall. Climate change effects have
become widespread and even getting strongly felt due to
the impacts of these extremes (Klein Tank et al. 2006).
Though the global average temperature has increased by
0.85 C during 1880–2012, the last 30 years are the
warmest in the last 1400 years history of the earth (IPCC
2013). Hence, the past few decades have witnessed associated changes in the extremes such as increase in frequency, intensity and duration of droughts, cyclone, high
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intensity precipitation, cold (warm) days and cold (warm)
nights, etc. Extremes of-late are becoming common in
almost all parts of the globe, but they exhibit a high spatiotemporal variation in their nature, extent and intensity.
Studies on the trend of temperature (maximum and
minimum) and rainfall per se are in plenty, but studies on
extremes are still sparse. During the last two decades,
researchers have invested extensive efforts in understanding of extreme weather phenomenon, as it’s far more
impactful than the long term changes in the averages.
During the last decade or so, the cumulative efforts of
scientists have been able to provide an overview of temperature and precipitation extremes all over the globe
(Frich et al. 2002; Alexander et al. 2006), to the scale of
continents like Asia (Klein Tank et al. 2006) or its part like
south Asia (Sheikh et al. 2015) and even to much finer
scale of specific country like China (Liu et al. 2005; Wang
et al. 2013).
Over the last decade or so, the occurrences of extreme
temperature, both the day and night have changed a lot in
India and started showing its adverse impact on every sphere
of environment (Panda et al. 2014). One of the earlier
analyses of trend in extreme temperature was done by Rao
et al. (2005) using both the daily maximum and minimum
temperature data from 103 well distributed weather stations
over India. This study analyzed the weather station data for
two periods of a year i.e. March–May and November–January for the duration of 1971–2000 and discussed the results
for four broad zones of India. Their study defined the
extremes mostly based on absolute threshold, which hardly
varied from region to region and hence was empirical in
nature. Therefore, using the percentiles to define extremes,
Kothawale et al. (2010) studied changes in temperature
extremes in India at 121 different meteorological stations for
the period of 1970–2005. In this study the results were
analysed based on seven temperature homogeneous regions
of India, unlike the other study where the country was
divided empirically. But the authors focused only on the premonsoon season. Using the widely accepted procedure for
extreme analysis proposed by Expert Team on Climate
Change Detection and Indices (ETCCDI), Dash and Mamgain (2011) analyzed the gridded daily temperature data
(1 9 1) of India Meteorological Department (IMD) for the
duration of 1969–2005. Unlike the previous studies, they
included the whole year data for the analysis by dividing it
into different seasons based upon climatic temperature
thresholds and discussed the results for the country as well as
for its seven temperature homogenous regions. Panda et al.
(2014) have reported the results of trend analysis of extreme
temperature and its related indices at grid scale for understanding the spatial variability. Recently, Sheikh et al.
(2015) analyzed extremes from 210 (265) temperature
(precipitation) stations data of South Asia containing 121
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(146) stations from India using 22 indices of ETCCDI. But
all these studies were limited to the analysis of extremes in
temperatures till 2005, even though eight hottest years
among the top ten since 1880 have occurred after 2005
(http://www.climatecentral.org/gallery/graphics/the-10-hot
test-years-on-record). None of the studies tried to find out the
variation in the trend of extremes over two successive epochs
rather considered the whole period as one continuum.
Though all types of extreme temperatures have specific
importance for its impact but the extreme warm days are
the most important one, as they have the most widespread
impacts on different sectors starting from environment,
agriculture, livestock and above all, the lives of human
being (Azhar et al. 2014). Ray et al. (2015) reported that
globally one third of yield variability (* 32–39%) is
explained by inter-annual climate variability and in substantial areas of the global breadbaskets it may go up to
more than 60%. Extreme temperatures often influence the
physiological mechanisms of plants through influencing
their transpiration rate, stomata opening and closing
mechanisms, photosynthesis, respiration rate (Ayeneh et al.
2002) and if coincided with the reproductive phase, may
lead to severe damage of reproductive organs like pollen
grains (Saini and Aspinall 1982) hampering grain setting
and its filling (Wardlaw and Moncur 1995), leading to early
senescence (Lobell et al. 2012; Duncan et al. 2015), ultimately incurring economic losses to farmers. Klein Tank
et al. (2006) have shown that the warm days are increasing
at a sharper rate over the central and southern Asia,
including India. So it can be seen that the trend of extremes
is increasing, but hardly the trend is decomposed, which
may tell us that whether it is the result of mere shift in the
mean (Simolo et al. 2011) or changes in other ‘‘higher
order moments’’ like variability are also involved (Donat
and Alexander 2012).
The aim of the present research was to study the
extremes of day temperatures from three aspects: (a) to find
out the temporal trend and variations in extremes for each
grid cell over India over the longer period of past six
decades (1951–2014), (b) to study the temporal trend in the
spatial spread of the area affected by different levels of
extremes and, (c) to assess the broad impacts of change in
extreme temperature on cereal crop productivity of the
country. The daily gridded temperature data (1 9 1)
developed by IMD (Srivastava et al. 2009) for the duration
of 1951–2014 was used in this study. The temporal trends
in extreme day temperature were analysed not only for
the whole period of six decades but their changes in trends
between two epochs of 1951–1982 and 1983–2014 were
also studied. It is often seen that similar statistical tests are
used for computing and comparing the temperature and its
extremes, though they hardly follow the same set of
assumptions, like, their probability distribution. Hence, we
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employed several robust statistical tests in this study to find
out the temporal changes in extremes of temperature and its
distribution, thus increasing the credibility of the results.

2 Materials and methods
2.1 Study Region
The study area pertains to the continental mainland of
India. It is spread between 8040 –37060 north latitude and
68070 –97250 east longitude. Considering the large spatial
variability in climate, physiography, soils, geological formation etc., the study results were also analysed and discussed at sub-country scale i.e. on the basis of AgroClimatic Zones (ACZs) of India, as agriculture sector is
highly sensitive to the vagaries of the climate change and
variability (Fig. 1). The ACZs are homogenous regions
formed on the basis of physiography, soils, geological
formation, climate, cropping patterns etc. for developing
broad based agricultural planning and development in the
country (Khanna 1989). India is divided into a total of
fifteen such zones and its mainland covers fourteen of them
(Fig. 1).

2.2 Data
The daily gridded temperature data developed by India
Meteorological Department (IMD) was used for the analysis. Maximum (day) and minimum (night) temperature
from 395 quality controlled stations was used for developing the data set (Srivastava et al. 2009). Interpolation of
the station temperature data into 1 latitude 9 1 longitude
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grids was carried out using a modified version of the
Shepard’s angular distance weighting algorithm. The
developers of the dataset have compared it with high resolution datasets before successfully applying it for deriving
temperature related parameters such as cold and heat
waves, temperature anomalies over India (Srivastava et al.
2009; Ratnam et al. 2016). The errors due to interpolation
in preparing the gridded data over the plains were found to
be about 0.5 C at the maximum. It was relatively higher in
the hilly regions of Jammu & Kashmir and Uttarakhand,
mostly due to sparse sources of observational weather data
availability in those zones. Initially IMD developed the
data sets for 1969–2005 but later it was updated from 1951
to 2014. Our analysis was carried out for the whole
64 years data series.

2.3 Data processing
This study focused on extreme day temperature, hence time
series of daily maximum (day time) temperatures for each
grid cell covering the Indian mainland were analysed.
There are several indices for identifying the extremes as
described by Expert Team on Climate Change Detection
and Indices (ETCCDI) (http://etccdi.pacificclimate.org/)
which can be broadly grouped into four categories: as
absolute value based, threshold based, percentile based and
duration based indices (Alexander et al. 2006). Klein Tank
and Können (2003) and Panda et al. (2014) showed that the
percentile based indices have a comparative advantage
over others, when the objective is to understand the change
in extremes in the perspective of climate change over a
large diverse region. As India is one of the large diverse
part of the globe having large variation in climate, soil and

Fig. 1 Agro-climatic zones of
mainland India as described by
Khanna (1989)
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topography, hence percentile based method was adopted in
this study. Extreme day temperatures were regarded as the
values which fall above the 90th percentile for a particular
day and location/grid as described by the Expert Team for
Climate Change Detection and Indices (Klein Tank et al.
2009; Sen Roy 2009; Seneviratne et al. 2014; Tao et al.
2014). Extreme warm days (ExWD) were considered as
those days which were above the corresponding particular
calendar day’s 90th percentile threshold value of the reference period, i.e. 1961–1992. The 90th percentile of daily
maximum temperature of a particular day was calculated
using a 31 day window centred on that day (15 days ahead
and 15 days after) which helps in avoiding inhomogeneities at the beginning and end of the percentile base
period (Russo et al. 2015). So, in effect 992 values
(31 days 9 32 years) were used to compute the 90th percentile threshold for each day. Using the computed 90th
percentile, a day was identified as ExWD if its maximum
temperature was equal to or above the 90th percentile
threshold. The ExWD numbers were aggregated at
a monthly scale for further analysis as it is reported that
monthly time scale provides ample and appropriate
opportunity to relate these with agricultural crop phenology
over the region vis-a-vis seasonal analysis. The frequencies
of ExWD at monthly scale were subjected to statistical
tests. In this study we have analysed the trends in ExWD
over the last six decades (1951–2014). In order to see broad
temporal changes in extremes over the 64 year period,
trend analyses were carried out by dividing the total period
into two epoch: P-I (1951–1982) and P-II (1983–2014).
Donat and Alexander (2012) also used daily gridded
observational dataset of temperature to investigate the
changes in two time series, each of 30 years (1951–1980
and 1981–2010) for the whole globe. Comparison of the
ExWD during these two periods were carried out from the
perspective of trend, changes in mean and variability in
occurrence of extreme leading to the change in its probability distribution. Along with changes in extreme warm
days per se, it is also very important to know its spatial
spread over the region. Hence, we have also calculated the
land area affected by different levels of extreme warm days
per year using the methodology of Seneviratne et al.
(2014). Analysis of exceedance levels of 30 (ExD30), 60
(ExD60), 80 (ExD80) and 100 (ExD100) ExWD per year is
presented here. Land area ratio (LAR) of a year is the
proportion of area covered under specific exceedance level
in that specific year compared to the area of land for that
exceedance level averaged over all years. Hence, a LAR of
2 and 4 indicates the doubling and quadrupling of the land
area compared to its mean for a particular exceedance
level.
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2.4 Statistical analysis
The monthly time-series of ExWD were subjected to trend
analysis. Several statistical tests are available for identification and quantification of monotonic trends, which are
mainly grouped into parametric and non-parametric tests.
Parametric tests are generally used when the datasets follow normal distribution while non-parametric tests do not
require the assumption of normality in the datasets. Hence,
at first, the time series of monthly ExWD for each grid was
subjected to normality test using Anderson–Darling test
(Thode Jr. 2002). Another requirement of using non-parametric tests for trend relates to the absence of auto-correlation in the time series of data (Partal and Kahya 2006). It
is seen that the presence of positive auto correlation i.e.
persistence in data, often makes the non-parametric test
significant ( Kulkarni and Von Storch 1995). Hence, we
also used Durbin–Watson statistic to detect the presence of
autocorrelation in the data series (Durbin and Watson
1971; Büntgen et al. 2008). In majority of the grids, the
data time series was not auto-correlated. As time series in
all the grids were found to be non-normal (fig S1) and not
auto-correlated, the Mann–Kendall non-parametric test was
used for detection of trend in the ExWD (Partal and Kahya
2006; Jhajharia and Singh 2011; Jhajharia et al. 2014;
Piyoosh and Ghosh 2017).
2.4.1 Comparison of time series of ExWD between two
periods
Trend depicts the change in the frequency of extreme
temperature over time, but to know the change in its statistical distribution over time, the occurrences of extreme
warm days were compared for change in mean and its
variability between two climatic periods: P-I (1951–1982)
and P-II (1983–2014). As the time series of ExWD did not
follow normal distribution, non-parametric tests were used
for testing differences in mean and variance between the
two periods for each grid cell and month. Kruskal–Wallis
Rank test was employed for testing the change in average
(here median is appropriate as it’s a rank test) between the
two periods. Kruskal–Wallis test is applied for non-normal
datasets with the assumptions that the observations are
drawn randomly and independently from their respective
populations. This test has been used for testing the equality
of the central tendency of the populations by several
researchers (Costa and Soares 2009; De Filippo et al. 2010;
Harley 2011). Along with the mean of the extreme warm
days, it is also interesting to understand the change in
variability (variance or standard deviation) of the same
between the two periods. Fligner Killeen test (Fligner and
Killeen 1976; Ibrahim et al. 2014) was used for this
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purpose. Further to evaluate the change in probability
distribution of the time series of extreme warm days, twosample Kolmogorov–Smirnov test was employed (Lilliefors 1967; Centola 2010; Mazdiyasni et al. 2017).
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AIC and BIC of a bivariate copula family C with parameter(s) h is defined as
n
X

ln½CðFX ðxi Þ; FY ðyi Þ=hÞ

ð2Þ

ln½C ðFX ðxi Þ; FY ðyi Þ=hÞ þ 2k

ð3Þ

ln½C ðFX ðxi Þ; FY ðyi Þ=hÞ þ lnðnÞk

ð4Þ

log likelihood ¼

i¼1

2.4.2 Impact assessment on crops
AIC ¼ 2
To estimate the impact of ExWDs on crop yields, we
calculated the all India mean ExWDs of cropped grids
(about 50% of total) at seasonal time scale for each year of
the study period. In India two crop seasons are predominant: Kharif (June to October, covering the monsoon
months) and Rabi (November to April). Country level
yearly yield data for Kharif cereals, Rabi cereals and
Wheat crop (grown during Rabi) for 1966–1967 to
2011–2012 period was downloaded from the website of
Directorate of Economics and Statistics, Ministry of
Agriculture and Farmers Welfare, Government of India
(http://aps.dac.gov.in/APY/Public_Report1.aspx. Wheat is
a dominant Rabi season crop grown in north and central
India with sensitivity to high temperature and so was
included for the analysis. Time series of yield data was
linearly detrended to remove the influence of technology
(Ray et al. 2015). The ExWD was also linearly detrended
for positive trends over time. The time series (both withtrend and detrended) of yield and ExWD are shown in
figure S2 and S3. The copula joint probability distribution
function was used between the detrended yield and
detrended ExWDs to quantify the relation between them as
described below.
The copula function has been used in several research
studies for finding the impact of summer mean temperature
and heat waves on mortality in India (Mazdiyasni et al.
2017), probabilistic modelling of flood events (Fan and
Qian 2016), forecasting precipitation in Australia’s agroecological zones (Nguyen-Huy et al. 2017) etc. Bivariate
copulas describe the dependence between two random
variables say X and Y. In this study, X is the detrended
values of ExWDs and Y is the detrended values of yield.
Let FX (x) and FY(y) denote marginal distribution functions
of the two random variables X and Y. According to copula
functions, the joint distribution function of FX,Y(x, y) can be
obtained as follows:
FX;Y ðx; yÞ ¼ C ½FX ðxÞ; FY ðyÞ

n
X
i¼1

BIC ¼ 2

n
X
i¼1

where k = 1 for one parameter copulas and k = 2 for two
parameter copulas family. The joint density function can be
written as follows:
fX;Y ðx; yÞ ¼ fX ðxÞfY ðyÞC12 ½FX ðxÞ; FY ðyÞ

ð5Þ

where
C12 ½FX ðxÞ; FY ðyÞ ¼

o
o
C ½FX ðxÞ; FY ðyÞ
o½FX ðxÞ o½FY ðyg
ð6Þ

The conditional distribution function of Y/X = x can be
written as follows:
FY=X ðy=xÞ ¼ C1 ½FX ðxÞ; FY ðy

ð7Þ

where
C1 ½FX ðxÞ; FY ðy ¼

o
C½FX ðxÞ; FY ðyÞ
o½FX ðxÞ

ð8Þ

By using Eq. (7), conditional distribution of Y (detrended
values of yield) can be simulated for a given value of
X (detrended values heat waves). The selected copula
families for Kharif cereals, Rabi cereals and wheat are
given in the Table 1S.
The significance of all the statistical analysis was carried
out at two levels (i.e. p \ 0.05 and 0.1). Open source R
software and it’s IDE R-Studio (R Core Team 2017; R
Studio Team 2015) was used for mapping and statistical
analysis. In all the map figures, only those grid cells which
were significant at 10% probability level (i.e. p \ 0.1) were
retained and rest non-significant grids were masked out
(whitened).

ð1Þ

where C is the bivariate copula, a cumulative distribution
function (CDF) for a bivariate distribution. We tried fitting
six copula families for each datasets viz. Gaussian, Student
t, Clayton, Gumbel, Frank and Joe. The copula with largest
log likelihood value and minimum Akaike’s information
criterion (AIC) and Bayesian’s information criterion (BIC)
was selected for simulation of conditional distribution. For
observations xi and yi (i = 1, 2,…,n) the Log likelihood,

3 Results and discussion
3.1 Trend in extreme warm days
during 1951–2014
The time series of frequency of extreme warm days per
month for each grid cell were subjected to non-parametric
Mann–Kendall trend test for time trend. Results indicate
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the presence of statistically significant increasing trend
over India which varied from month to month and also
spatially from region to region (Fig. 2). If we consider all
the months and all the grid cells, about 42% area (grids)
showed statistically significant (p \ 0.1) changes during
the last six decades (Table 1). The increasing trend in
ExWD was almost persistent for all month over the eastern
Himalaya, southern plateau and hills along with east and
west coastal plains. While during January, August,
September and November it also showed statistically significant trend in eastern plateau and hills along with middle
and lower Gangetic plains. During April, May and June,
the ExWD increased over north western and central India
covering parts of trans-Gangetic plains, central plateau and
hills, Gujarat plains and hills along with western dry
region. The trend in increase of heat waves i.e. consecutive
extreme warm days during April–June for the same region
was also reported by Murari et al. (2016), Ratnam et al.
(2016) and Rohini et al. (2016), though they have attributed
different reasons for this effect. Murari et al. (2016)
reported pre-monsoon heat waves to be of longer and hotter
during El Niño years which are related to the delay in the
onset of the Indian Summer Monsoon. Ratnam et al. (2016)
found the phenomenon to be associated with blocking over
the North Atlantic, resulting in a cyclonic anomaly west of
North Africa at upper levels which in turn generates
anomalous Rossby waves and it sinks over India creating
this condition. While Rohini et al. (2016) argued that it is
linked with anomalous persistent high with anti-cyclonic
Fig. 2 Trend in frequency of
extreme warm days during
1951–2014 (value in grid
indicate Mann–Kendall’s Z
statistics. Grids with Mann–
Kendall test p \ 0.1 are shown)
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flow coincided with clear skies and depleted soil moisture
over the region. Several studies have reported increase in
extreme warm temperature or warm days over southern
peninsula, coastal and other similar zones of India but all
those studies were done either at annual scale or seasonal
scale (Klein Tank et al. 2006; Rao et al. 2005; Kothawale
et al. 2010; Dash and Mamgain 2011; Jhajharia et al.
2014). Increase in the maximum temperature over several
places of north eastern region of India, part of eastern
Himalaya, was prevalent during post-monsoon and monsoon as reported by Jhajharia and Singh (2011), which also
supports our results for the same region. Decreasing trend
in ExWD was also seen for small proportion of grids in the
months of April in north east India, in May in middle
Gangetic plains of eastern Indian and in October in
Uttarakhand region. Mazdiyasni et al. (2017) have also
reported statistically significant negative trend of heat
waves in Uttarakhand, and over upper and middle Gangetic
plains of eastern India covering parts of Uttar Pradesh and
Bihar.

3.2 Comparison of extreme warm days
between two periods
The box and whisker plot in Fig. 3 provides a broad scale
view of the change in monthly number of extreme warm
days between two periods (P-I and P-II) over India. It
clearly shows that in all the months the mean monthly
number of extreme warm days has increased during P-II as
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Table 1 Area (as proportion to the total area) with significant trend during 1951–2014
Tests
Mann–Kendall test

p level

Jan

Feb

Mar

Apr

May

Jun

Jul

Aug

Sep

Oct

Nov

Dec

Annual

(p \ 0.1)

0.44

0.26

0.30

0.48

0.55

0.46

0.36

0.57

0.51

0.33

0.51

0.21

0.42

(p \ 0.05)

0.40

0.19

0.22

0.35

0.42

0.38

0.29

0.52

0.36

0.28

0.46

0.13

0.33

compared to P-I. It can also be seen that the variation in the
extremes have also increased during P-II and the increase is
mostly towards the upper side indicating that much higher
values of extremes have started occurring during P-II
which were previously not present during P-I. The temporal plot of the extreme warm day time series (fig S4) also
showed a clear and sharp increasing trend in ExWD over
India in both the period, the rate of which was much higher
during P-II in the months of Jan, Feb, Mar, Aug, Nov and
Dec. Besides, during P-II the 95% confidence interval band
has widened in most of the months indicating increase in
variability of number of extreme warm days. Though these
finding just depict the situation at the country scale for the
two periods, but further analysis and discussion in detail of
different parameters of distribution at grid level are given
in the following sections.
3.2.1 Comparison of mean
Quantification of change in number of extreme warm days
between two periods give us an overall change in different
regions as against the tendency depicted by trend. The
Kruskal–Wallis Rank Test was used to check the statistical
significance in changes in mean number of extreme warm
days per month for each grid cell between the two periods.
The test showed an increase in the average number of

ExWD per month as indicated by the values of test
statistics (fig S5). The number of ExWD did not depict
significant changes in all the grid cells but it had large
spatial variation over India (Fig. 4 and fig S5). Considering
whole India and all the months, the change was significant
in about 35% grid cells at p \ 0.1 and 29% at p \ 0.05
(Table 2). Broadly it can be seen that the average number
of extreme warm days have doubled during P-II as compared to the P-I. During P-I maximum ExWD value of 5
was observed in few grids over India which increased to
about 10 or more during P-II. Similar to the trend, southern
plateau and both the coastal plains region showed significant increase in all the months (Table 3). Kothawale et al.
(2010) found significant increasing trend in the hot days
over these region though the analysis was only limited to
the pre-monsoon season (March–May). Dash and Mamgain
(2011) and Panda et al. (2014) also reported increased
occurrences of ExWD in southern peninsula and coastal
region depending on the season while analysing the data
for 1970–2005. Then it was followed by the north eastern
region, where, except for the four months of February,
March, May and September, all other months showed
significant increase. The non-significant change during
May and September may be due to rainfall, as in this region
the rainfall amount is comparatively high ([ 2500 mm)
and the inter-annual variability in pre-monsoonal as well as

Fig. 3 Comparison of mean
monthly extreme warm days
over India between two periods
(P-I: 1951–1982, P-II:
1983–2014). The dark line
represents the mean, while
upper and lower levels of the
box represent the Upper quartile
(Q3) and lower quartile (Q1).
The whisker represents the 95%
confidence interval
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Fig. 4 Comparison of monthly mean number of extreme warm days
(Kruskal–Wallis Rank Sum Test) between two periods a P-I
(1951–1982) and b P-II (1983–2014) (Values indicate the mean

monthly number of extreme warm days; the grids shown here are
significantly different between two periods at p \ 0.1)

monsoonal rainfall is also lower than other parts of the
country. Figure 4 shows that the change was also significant in eastern plateau and middle and lower Gangetic
plains during the months of January and August. In north
and north western India, during May and June, the increase
was significant in many grid cells, indicating that the
extremes have significantly increased in the regions during
the period. This type of observation was also reported by
Ratnam et al. (2016) who classified it as type-I heat waves.
Mazdiyasni et al. (2017) have also reported widespread and
strong increases in heat waves by 50% over southern and
western India during the 1985–2009 period than over the
previous 25-year period.

significantly changed in about 43% grid cells i.e. almost
8% more, which also has spatial as well as monthly differences (Table 3). The quantified increase in the variability during P-II was about one and half times of P-I.
Donat and Alexander (2012) while analysing the maximum
and minimum temperature have clearly reported that the
‘‘changes in the variance are spatially heterogeneous’’ over
the globe which supports our observation of extremes over
India. The increase in variability of ExWD during April,
May and June in north India i.e. Upper and Trans Gangetic
plains followed by Western Dry region, Central plateau and
Gujarat plains are evident from the Fig. 5 and Table 4. It
indicates that all these regions, which are climatologically
regarded as warmer zones, have faced increased variability
and that too in the direction of the higher extremes even
though significant change in mean in these regions was not
observed. It implies that new levels of higher extremes are
being created and probability of occurrence of a certain
medium level of extremes has increased. Our results of
increase in variability of ExWD during P-II for southern
plateau and both the coastal plains are consistent with the
observations of Dash and Mamgain (2011).

3.2.2 Comparison of variability
As discussed in the above section and shown by the box
and whisker plot (Fig. 3), there was a change in monthly
variation of extreme warm days between the two periods.
The Fligner Killeen test clearly indicated significant
changes in variability of extreme warm days during P-II as
compared to P-I over the country. For all the months, the
changes were in the direction of increase in variability as
indicated by the statistics of the test (fig S6). Over the
whole country and considering all the months, the changes
were significant in about 43% grid cells (at p \ 0.1) and
34% grid cells (at p \ 0.05) by Fligner–Killeen test
(Table 2). Figure 5 clearly shows that the spatial spread of
the change in variability of the monthly extreme warm days
was much more compared to the change in its average
(Fig. 4). In case of mean, overall there was significant
change in about 35% grid cells whereas the variability
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3.2.3 Comparison of probability distribution
To understand the changes in the occurrences of monthly
extreme warm days in detail, it is also important to test the
changes in the probability distribution of the time series
between the two periods. In this case, the two-sample
Kolmogorov–Smirnov test (K–S test), one of the most
useful and general non-parametric methods for comparing
two samples, was employed (Table 2). The test is sensitive

Author's personal copy
Stochastic Environmental Research and Risk Assessment (2018) 32:3067–3081

3075

Table 2 Area (as proportion to the total area) with significant changes between the two periods (P-I: 1951–1982, P-II: 1983–2014)
Tests

p level

Jan

Feb

Mar

Apr

May Jun

Jul

Aug

Sep

Oct

Kruskal–Wallis Rank test (for changes
in central tendency)

(p \ 0.1)

0.46

0.19

0.28

0.30

0.46

0.45

0.27

0.47

0.26

0.24

(p \ 0.05)

0.37

0.14

0.23

0.24

0.39

0.34

0.20

0.39

0.2

0.22

Fligner–Killeen test (for changes in
variability)

(p \ 0.1)

0.58

0.40

0.37

0.43

0.48

0.41

0.30

0.41

0.51

0.39

(p \ 0.05)

0.51

0.28

0.31

0.30

0.35

0.34

0.20

0.31

0.39

Kolmogorov–Smirnov tests (for
changes in probability distribution)

(p \ 0.1)

0.34

0.14

0.21

0.18

0.35

0.33

0.21

0.44

0.25

(p \ 0.05)

0.29

0.12

0.20

0.15

0.28

0.27

0.16

0.35

0.21

Nov

Dec

Annual

0.42

0.36

0.35

0.39

0.32

0.29

0.44

0.44

0.43

0.30

0.43

0.40

0.34

0.21

0.37

0.29

0.28

0.19

0.31

0.23

0.23

Fig. 5 Comparison of variation in number of extreme warm days
(Fligner Killeen Test) between two periods a P-I (1951–1982) and
b P-II (1983–2014) (Values indicate the standard deviation in

monthly number of extreme warm days; the grids shown here are
significantly different between the two periods at p \ 0.1)

to differences in both location and shape of the empirical
cumulative distribution functions of two samples. Our
results confirm that the probability distribution of ExWD
has significantly changed during P-II as compared to P-I
over several grid cells of India in all the months (Fig. 6).
Over India and all the months together, the changes were
significant in 28% grid cells at p \ 0.1 and in 23% grid
cells at p \ 0.05, though the spatial pattern of significant
grids varied from month to month. In all these grids, significant change in location, scale and shape parameter of
the distribution either took place individually or their
interaction has resulted in significant change in probability
distribution per se. It is already shown in the above sections
that both the mean (i.e. location) and variability (i.e. scale)
of the extremes have changed over time. The changes in
probability distribution over the two periods indicate that
the distribution has shifted towards higher extremes. The
frequency of a specific level of extreme i.e. occurrence of
higher number of warm days per months has increased and

correspondingly there is a decrease in lower number of
warm days per months, leading to the change in the distribution during P-II (fig S7A and B). It can be seen that for
all the months the change in distribution was mostly confined to southern plateau and both the coastal plains. While
discussing the global data, Donat and Alexander (2012)
also concluded that the distribution was wider i.e. higher
variance was observed in the tropical region as compared
to the extra-tropics whereas the reverse was true for mean.
As southern and coastal regions of India have tropical
climate, hence our findings are in line with their observations. In case of north east region, the results were significant for almost six months while for parts of central
plateau, western dry region and Gujarat plains, results were
significant only for May and June. Hence, the probability
distribution changes in north east where the climate is
mostly extra tropical may be mostly governed by the shift
in mean, while in north west and central India, where the
climate is mostly continental, it may be due to the
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2.93*

9.68***

3.54*

0.00

1.26

1.92

1.20

0.06

4.94**

20.86***

18.54***

35.34***
0.98

0.98

ACZ-01

ACZ-02

ACZ-03

ACZ-04

ACZ-05

ACZ-06

ACZ-07

ACZ-08

ACZ-09

ACZ-10

ACZ-11

ACZ-12
ACZ-13

ACZ-14

0.26

23.42***
0.02

6.63***

8.98***

0.06

0.47

0.01

1.12

1.51

0.34

0.04

0.74

1.12

0.74

Feb

0.00

20.46***
0.33

18.88***

15.56***

1.91

0.08

0.44

1.06

3.05*

2.13

0.15

1.47

0.25

1.47

Mar

4.01**

10.06***
0.09

9.76***

10.75***

0.91

1.71

0.42

1.74

0.00

0.05

1.67

7.05***

0.09

7.05***

Apr

7.74***

11.21***
0.02

7.03***

13.05***

4.45**

3.87**

0.00

0.93

1.36

3.43*

3.76**

0.25

0.28

0.25

May

5.01**

5.67**
6.79***

3.15*

3.80**

2.60

2.67*

0.43

1.35

1.19

0.04

0.00

8.81***

2.7*

8.81***

Jun

0.50

11.76***
0.68

10.44***

7.15***

0.01

0.00

0.48

0.86

0.55

0.46

6.09***

4.09**

0.81

4.09**

Jul

0.49

16.47***
0.59

13.2***

8.57***

0.27

3.29*

6.72***

0.20

1.97

13.25***

13.65***

8.18***

0.02

8.18***

Aug

2.86*

20.16***
1.34

16.89***

11.28***

0.85

2.69*

4.94**

0.30

0.01

1.21

0.59

0.18

0.00

0.18

Sep

0.72

10.83***
0.24

8.34***

5.62**

0.51

0.16

0.29

0.00

1.17

0.26

0.93

11.02***

0.00

11.02***

Oct

1.17

23.81***
0.39

17.63***

19.7***

4.95**

0.21

6.82***

0.10

0.28

1.76

1.44

12.19***

1.79

12.19***

Nov

1.66

36.54***
1.69

25.68***

26.04***

5.46**

3.00*

4.03**

0.08

1.69

3.95**

0.61

10.22***

0.02

10.05***

Dec

3076

***, ** and * denote trends at 1, 5 and 10% significance level, respectively. A positive value of Kruskal–Wallis Rank Sum test statistics indicates increase in mean number of days

9.68***

India

Jan

Table 3 Kruskal–Wallis Rank Sum test statistic to compare the ExWD between the two periods (P-I: 1951–1982, P-II: 1983–2014)
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Table 4 Fligner–Killeen test statistics to compare the variation in ExWD between two periods (P-I: 1951–1982, P-II: 1983–2014)
Jan

Feb

Mar

Apr

May

Jun

Jul

Aug

Sep

Oct

Nov

Dec

9.71***

14.92***

17.13***

India

9.02***

6.30***

0.16

3.10*

0.19

1.24

4.84**

1.15

13.8***

ACZ-01

0.72

1.67

0.75

0.12

0.05

0.00

0.64

0.17

0.00

ACZ-02

9.02***

6.3***

0.16

3.10*

0.19

1.24

4.84**

1.15

13.8***

ACZ-03

3.99**

0.31

0.56

1.40

12.11***

0.89

1.62

1.48

0.98

1.55

4.18**

0.02

ACZ-04

0.06

3.55*

1.57

0.01

4.36**

2.80*

0.00

8.15***

1.48

0.28

4.30**

6.50***

ACZ-05

0.92

6.97***

6.65***

2.40

2.43

0.00

3.22*

2.89*

0.39

4.51**

0.69

2.32

ACZ-06

1.24

2.47

2.80*

3.52*

0.76

0.94

4.35**

0.67

2.14

0.00

0.05

0.09

ACZ-07

3.39*

0.79

3.31*

0.11

0.01

1.11

1.28

0.60

2.47

1.09

5.14**

ACZ-08

5.28**

0.91

0.86

0.34

1.81

6.57***

0.21

0.63

4.45**

1.12

2.80*

1.01

0.24

ACZ-09

5.16**

ACZ-10
ACZ-11

23.95***
20.37***

15.93***
15.56***

0.04

15.52***
7.18***

ACZ-12

31.15***

20.23***

11.58***

0.19
9.71***

7.07***
14.92***

0.43
17.41***

11.45***
0.10

1.76

7.79***

0.11

3.23*

2.96*

0.71

2.85*

5.96***
9.43***

11.9***
0.41

4.05**
7.66***

2.33
3.47*

0.71
1.66

6.03***
3.42*

1.27
4.02**

4.80**
7.34***

23.25***
10.84***

7.22***

11.88***

6.12***

16.46***

4.31**

10.55***

23.65***

ACZ-13

1.75

1.13

0.48

0.84

0.24

ACZ-14

0.68

0.81

2.56

1.54

7.16***

3.42*

5.11**

6.32***

10.14***

1.62

3.89**

2.43

0.93

3.23*

1.04

5.94***

0.90

0.39

2.94*

2.73*

1.24

2.38

***, ** and * denotes trends at 1, 5 and 10% significance level, respectively. Values indicate Fligner–Killeen test statistics

Fig. 6 Differences in
probability distribution pattern
of extreme warm days between
P-I and P-II using Kolmogorov–
Smirnov Test (the grids shown
here are significantly different at
p \ 0.1)

interactive effect of both change in mean and variability
(Donat and Alexander 2012). Overall, the probability distribution of extreme warm days has significantly changed
in almost over one fourth of the country during the last
three decades. For rest of the country, it might have
changed at many places but may not yet be statistically
significant.

3.3 Trend in area covered by extremes
From the above observations it is clear that the extreme
warm days have increased over the Indian region but with
different spatial spread pattern. To quantify the trend in the
spatial spread of extreme warm days, the LAR covered by
the extremes with different exceedance probability for each
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other part of the country. The rate of increase in ExD100 is
quite high, to the tune of more than four times its normal
occurrences over the country. Seneviratne et al. (2014) also
reported that the rate of change of the area under the most
extremes were larger over the whole globe. This is similar
to our findings over India, though they had considered only
for ExD10, ExD30 and ExD50. Dash and Mamgain (2011)
have also shown that the percentage of occurrences of most
extreme warm days (99th Percentile) have increased at the
highest rate during the decade of 1996–2005 as compared
to other levels of extreme.

year was calculated. The results suggest that there has been
a significant change in the land area ratio affected by the
extremes over the years (Fig. 7). All the four levels of
exceedance, 30 ExWD/year (ExD30), ExD60, ExD80 and
ExD100, showed increasing trend over India and the
increase was higher during P-II. It is important to note that
the rate of increase was higher for the higher level of
exceedance (ExD100 [ ExD80 [ ExD60 [ ExD30). It
implies that the land area affected by the higher extremes
was increasing at a sharper rate as compared to the other
lower extremes. The occurrences of 30–60 extreme warm
days per year were observed during P-I (1951–1982) but
the occurrences of ExD100 started only thereafter. There
was only a small proportion of area (low LAR value) which
used to get affected by occurrence of over 80 days of
extremes or more in a year before 1980s, but since then it
started increasing and after 2000, there is hardly any year
which has not faced such extremes in some part of the
country. The land area affected by ExD80 has more than
doubled its normal occurrence after 2000 and after 2010
it’s nearly quadrupled. In the case of ExD100, even after
2000 there were years when no land area used to be
influenced by it, but since 2010 there is hardly any year
which has not experienced such extreme in some or the
1951-2014

1.6

10

1
0.8

ExD100
ExD80

0.6
ExD60

0.4

Land Area Ratio

7

0.2
0

6

ExD100

1983-2014

1.4

1.2

Change/decade

Change/decade

8

As the increase in extreme warm days and its spatial spread
over India is observed, it is also important to assess its
relation/impact on crop yields. In this study a broad impact
of increase in ExWD on cereal crop yield was assessed.
The conditional probability density analyses of change in
crop yield at different levels of increase in ExWD are
depicted in Fig. 8 and Table 2S. The conditional probability density function (CPDF) of change in yield at four
different levels of increase in ExWDs above its trend were
computed (Table 2S). Figure 8 shows the probability of

1.6

1.4

9

3.4 Impact on crops

ExD80

1.2
1

ExD60

0.8
0.6
0.4

ExD30

ExD30

0.2
0

1
Exceedance Level

Exceedance 1Level

5

4

3

2

1

0
1950

1960

1970

1980

1990

2000

2010

Year
ExD30

ExD60

ExD80

ExD100

ExD30

ExD60

ExD80

ExD100

Fig. 7 Trend of land area ratio at different exceedance levels of extreme warm days over India during 1951–2014. Trend line is fitted only for the
duration of P-II (1983–2014). Inset figures represent the rate of change in the land area ratio per decade for the period mentioned
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(a)

Probability of Yield Loss > 5%

(b)

Probability of Yield Loss > 5%

3079

(c)

Probability of Yield Loss > 5%

53%

62%
43%

17%

11%

19%

Fig. 8 Probability of 5% or more yield loss in kharif cereals (a), rabi cereals (b) and wheat (c) due to increase in ExWDs by 20% and 60%

5% or more yield loss due to increase in 20% and 60% of
seasonal ExWDs above its trend. It can be seen from
Fig. 8a that there is 17% probability of 5% or more yield
loss in Kharif cereals if ExWDs increase by 20% above
trend. Whereas, if ExWDs increase by 60% above trend,
the probability increases by more than 3 times to 53%.
With the probable increase in same levels of ExWD during
Rabi season, the probability of 5% or more yield loss in
Rabi cereals increases from 11% to 43%, whereas, for
wheat it increases from 19% to 62%. With 60% increase in
ExWD, the probability of 5% or more yield loss in wheat
will increase to 62% as compared to 43% in Rabi cereals
pooled together. It clearly shows that wheat is more vulnerable to the extreme warm temperature among the Rabi
cereals. With the reports of increase in extreme temperature during winter months and especially in the months of
February to April, wheat is already suffering its adverse
effects over north India (Lobell et al. 2012; Duncan et al.
2015). Figure 8 also shows that the yield loss in Kharif
cereals is comparatively higher than Rabi cereals at the
same level of increase in ExWD. It may be attributed to the
heat wave like conditions due to occurrence of droughts
(on account of break-in monsoon or its failure) rather than
on account of large increase in temperatures. Our results
indicate that on an average there is about 67% probability
of decrease in yield from trend of any crop in India if
ExWD increases by 20% above trend. This value of
probability of decrease of 2% or more yields is about 44%
at 20% increase in ExWD. The productivity of crops gets
impacted adversely by high temperatures due to shortening
of growing period, increase water demand for transpiration
and loss of photosynthates due to higher respiration but
extreme temperatures may also cause physical damage to
plants or its parts. So, breeders have a bigger challenge that
they have to breed crop varieties which are not only resilient to high temperatures (i.e. increase in mean) but also to
its extreme (i.e. increase in variability above mean) which
are increasing across the country. Further, the region and
crop specific analysis of impact of extreme warm temperature on yield loss should be done considering the crop
spatial distribution and its changes over time to provide

better insights about the vulnerability of individual crops in
those areas in order to prioritize specific adaptation
strategies (Porwollik et al. 2017; Leng and Huang 2017;
Leng 2017).

4 Conclusions
This study analyzed the spatio-temporal pattern of the
changes in extreme warm days and shift in its probability
distribution, since middle of the twentieth-century till the
1st decade of the twenty-first century, over India using
different statistical tests. Most of the studies on extremes in
the region have used the temperature data from 1960s to
early 2000s to find trend but this study exploited the
updated IMD gridded dataset pertaining to 1951–2014
period i.e. over six decades, which enabled robust analysis
of change in probability distribution. Besides, we also
analyzed the trend in land area affected by different temperature extremes over time. This study further went on to
assess the broad impact of changes in extreme day temperature on cereal crops productivity in the country.
The study concludes that the incidences of extreme
warm days are increasing in India over all the months but
with variable spatial patterns. Besides increasing trends,
the probability distribution of the extreme warm days is
also undergoing significant changes in more than one
fourth of the area. These changes are in terms of upward
increase in mean and variability leading to changed scenario of extremes. The study clearly brings out that over all
the months southern plateau, east and west coast plains,
and north-eastern India are highly vulnerable. Western and
central India also experience these changes during summer
months of May and June. The area experiencing extreme
warm days is also increasing with time. Besides, the higher
extreme warm days are increasing at sharpest rate, especially in recent years. The study clearly shows that even a
20% increase in warm days leads to a very high probability
of decrease in yield of both Kharif and Rabi crops. Among
the Rabi cereal crops, wheat showed higher vulnerability to
loss than others on account of extreme warm day. Further
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studies are recommended to quantify the impacts of these
extremes on each individual crop to implement region
specific coping strategies.
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Klein Tank AM, Können GP (2003) Trends in indices of daily
temperature and precipitation extremes in Europe, 1946–1999.
J Clim 16(22):3665–3680
Klein Tank AM, Peterson TC, Quadir DA, Dorji S, Zou X, Tang H,
Santhosh K, Joshi UR, Jaswal AK, Kolli RK, Sikder AB (2006)
Changes in daily temperature and precipitation extremes in
central and south Asia. J Geophys Res Atmos 27(D16):111
Klein Tank AMG, Zwiers FW, Zhang X (2009) Guidelines on
‘Analysis of extremes in a changing climate in support of
informed decisions for adaptation’. WMO TD1500, p 54
Kothawale DR, Revadekar JV, Kumar KR (2010) Recent trends in
pre-monsoon daily temperature extremes over India. J Earth Syst
Sci 119(1):51–65
Kulkarni A, Von Storch H (1995) Monte Carlo experiments on the
effect of serial correlation on the Mann–Kendall test of trend.
Meteorol Z 4(2):82–85
Leng G (2017) Evidence for a weakening strength of temperaturecorn yield relation in the United States during 1980–2010. Sci
Total Environ 605:551–558
Leng G, Huang M (2017) Crop yield response to climate change
varies with crop spatial distribution pattern. Sci Rep 7(1):1463
Lilliefors HW (1967) On the Kolmogorov–Smirnov test for normality
with mean and variance unknown. J Am Stat Assoc
62(318):399–402
Liu B, Xu M, Henderson M, Qi Y (2005) Observed trends of
precipitation amount, frequency, and intensity in China,
1960–2000. J Geophys Res Atmos 27(D8):110
Lobell DB, Sibley A, Ortiz-Monasterio JI (2012) Extreme heat effects
on wheat senescence in India. Nat Clim Change 2(3):186–189
Mazdiyasni O, Agha Kouchak A, Davis SJ, Madadgar S, Mehran A,
Ragno E, Sadegh M, Sengupta A, Ghosh S, Dhanya CT,
Niknejad M (2017) Increasing probability of mortality during
Indian heat waves. Sci Adv 3:1–5
Murari KK, Sahana AS, Daly E, Ghosh S (2016) The influence of the
El Niño Southern Oscillation on heat waves in India. Meteorol
Appl 23(4):705–713
Nguyen-Huy T, Deo RC, An-Vo D, Mushtaq S, Khan S (2017)
Copula-statistical precipitation forecasting model in Australia’s
agro-ecological zones. Agric Water Manag 191:153–172
Panda DK, Mishra A, Kumar A, Mandal KG, Thakur AK, Srivastava
RC (2014) Spatiotemporal patterns in the mean and extreme

Author's personal copy
Stochastic Environmental Research and Risk Assessment (2018) 32:3067–3081
temperature indices of India, 1971–2005. Int J Climatol
34(13):3585–3603
Partal T, Kahya E (2006) Trend analysis in Turkish precipitation data.
Hydrol Proc 20(9):2011–2026
Piyoosh AK, Ghosh SK (2017) Effect of autocorrelation on temporal
trends in rainfall in a valley region at the foothills of Indian
Himalayas. Stoch Environ Res Risk Assess 31(8):2075–2096
Porwollik V, Müller C, Elliott J, Chryssanthacopoulos J, Iizumi T,
Ray DK, Ruane AC, Arneth A, Balkovič J, Ciais P, Deryng D
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