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The human–environment interactions are entwined across different spatio-temporal scales. The prime
focus of this study is to investigate the wide range of changes happening in seasonal maximum and
minimum temperatures (Tmax and Tmin) during 1950–2012 over the island country Sri Lanka in the deep
tropics and to analyse associated important drivers explaining these changes. Fingerprint-based detection
and attribution (D&A) analysis formally decipher the rudimentary causes of climate change by investigating the extent to which pattern of response to anthropogenic forcing (i.e., Bngerprints) from climate
model simulations explains the observed changes. Coupled Model Intercomparison Project Phase-5
experiment simulations are utilized to perform Bngerprint-based D&A analysis for the Brst time in Sri
Lanka. The PiControl experiment simulations which include only natural internal variability of climate
could not explain the observed changes in seasonal Tmax and Tmin. However, the unequivocal attribution
to human-induced climate change (historical GHG and historical experiment simulations) was not possible in most of the cases except a few. Even though climate change impact is prominent in extra-tropics,
an unusual human-induced climate change signature in deep-tropics is manifested in the present study.
Keywords. Climate change; trend detection; attribution; CMIP5; Bngerprint; temperature.

1. Introduction
Change in climate is unambiguous since mid of
20th century and internal variability alone could
not explain the observed changes in climate
(BindoA et al. 2013). Contributions of both natural
and anthropogenic forcing unitedly are found to be
the best estimate of observed warming. Whereas
the proportionate impact of natural solar forcing
during the same time frame is much lesser compared to anthropogenic forcing (Stocker et al.
2013). The unanimity of observed and model
changes across the climate system is dominant
because of anthropogenic eAects and has been

asserted based on the robust evidences accumulated from multiple studies using various approaches (BindoA et al. 2013). Recently observed
warming hiatus is mainly because of cooling
derived from natural internal variability and
diminishing trend from natural external forcing
(viz., solar and volcanic eruption).
ModiBcations are needed for decision making
and technology implementation in water resources
management as a result of change in climate. This
study focuses on the impact of climate change in
the deep tropics. Sri Lanka has evidenced occurrence of climate change in the recent decades based
on significant changes in mean and extreme
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temperature and precipitation (Klein Tank et al.
2006; Caesar et al. 2011; Naveendrakumar et al.
2018). Sri Lanka is an island nation located under
the Indian peninsula with a population of about 21
million people in a relatively small area of 65,610
km2. It is rapidly urbanizing metropolitan regions
in South Asia.
Impact of climate change leads to an unusual
succession of Coods and droughts in Sri Lanka. As
per Intergovernmental Panel on Climate Change
(IPCC) Assessment Report-5 (AR-5), warming
trend is going to continue over South Asia and the
future warming will be above global average
(BindoA et al. 2013). There is an increase in temperature in the mid-20th century for RCP8.5 scenario (Zubair et al. 2015). Overall, warming trend
in temperature, together with variability in precipitation and urbanization (elevated CO2 concentration) have adverse eAect on agricultural
sector. Recent prolonged heat waves are responsible for a potential irreversible damaged ecosystem.
Increase in the regional heat wave intensity with
respect to global warming is analyzed and observed
that it is critical over low latitude and tropics
(Perkins-Kirkpatrick et al. 2017). A highly variable
impact of global warming at regional scale is warranted. The urban heat island (UHI) is a critical
phenomenon and became a major interdisciplinary
research focus due to its adverse impact on the
quality of living in urban areas. IdentiBcation of
spatial pattern and trajectory of UHI formation is
essential for sustainable urban planning and constructing appropriate mitigation and adaptation
measures. Recently, a number of studies have been
performed focusing UHI phenomenon evolution in
the different parts of Sri Lanka. Senanayake et al.
(2013) identiBed the spatio-temporal distribution
of UHIs over Colombo city, Sri Lanka based on
available Normalized Difference Vegetation Index
(NDVI) and distribution of land surface temperature (LST). Similarly, Ranagalage et al. (2018b)
added two more parameters, viz., normalized difference built-up index (NDBI), and population
density (PD) along with LST and NDVI to identify
the hotspot based on surface UHI (SUHI) over
Colombo district. Both the studies indicated that
the spatial pattern of the emerging hot spots
mostly mirrors the pattern of urbanization. Ranagalage et al. (2018a) quantiBed SUHI based on
LST, the difference between fraction of impervious
surfaces (IS), and the fraction of green space (GS)
over the Kandy city, Sri Lanka. Significant formation of SUHI over Kandy city and the
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surrounding areas is noticed. It is also suggested
that the GS/IS fraction ratio can be considered as
proxy for SUHI identiBcation. Another study over
Kandy city by Dissanayake et al. (2019) where the
IS area is divided into persistent and newly added
to Bnd their relative impact on LST. The persistent
IS area has high impact on LST compared to newly
added IS. Recently, few similar studies have been
reported focusing on the evolution of UHI in Galle
City (Dissanayake 2020), urban area of Kurunegala (Ranagalage et al. 2020) and the mountain
city of Nuwara Eliya (Ranagalage et al. 2019) of Sri
Lanka. The prime motives of all these abovementioned studies are to minimize the negative
impact of LST on urban sustainability.
El Niño–Southern Oscillation (ENSO) indices
contribute largely to climate variability in Sri
Lanka (Zubair 2002). Major cities across the globe
are increasingly vulnerable to fresh water availability because of emerging urbanization and
changes in rainfall patterns. Lo et al. (2015) have
found a significant impact of climate change on the
performance of rainwater harvesting systems in
Colombo at present and also in future. Schulz and
Kingston (2017) have shown a significant impact of
climate change on the hydrologic regime of Kalu
Ganga which is one of the largest catchments of Sri
Lanka and highly susceptible to Cooding. Wickramasinghe (2010) has presented the anthropogenic
activities thoroughly that caused stress on coastal
resources.
The agricultural sector in Sri Lanka is vulnerable
to climate change impact. Ranagalage et al. (2017)
have located the environmentally critical metropolitan regions in Sri Lanka based on land
surface temperature (LST) and normalized difference vegetation index (NDVI) relationship. Impact
of climate change on different crop yield in Sri
Lanka are evidenced during historical (Karunaratne and Wheeler 2014; Peiris et al. 2004, 2008;
Peng et al. 2004; Zubair 2002) as well as in future
time periods (Karunaratne and Wheeler 2014).
Climate change impact is prominent and wide
agro-ecological variations are found in Sri Lanka in
recent decades. Hence, to achieve envisaged growth
in agricultural sector, there is an urgent need for
change in policy making and adaptation strategies
(Droogers and Aerts 2005; De Silva et al. 2007;
Esham and Garforth 2013).
Naveendrakumar et al. (2018) have analyzed the
temporal changes during the last Bve decades in
extreme precipitation and temperature of Sri
Lanka and suggested an urgent need for a formal
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trend attribution study over Sri Lanka. Humaninduced warming is already evident over tropical
regions during the warm part of the year (BindoA
et al. 2013). In future, long-lasting enhanced
greenhouse gases (GHGs) can lead to an increase in
the likelihood of severe, pervasive and irreversible
impacts across environment and ecosystems. Both
climate change and climate variability are sensitive
to hydro-climatological processes, and is essential
to understand and interpret properly. Climate
change detection and attribution (D&A) processes
are closely interlinked to each other are significant
components of each IPCC, ARs. The detection
process demonstrates whether the climate has
changed in a deBned statistical framework, without
analyzing the reason behind the change. The
attribution process evaluates the contribution of
different causative factors, viz., anthropogenic and
natural external drivers of the climate systems
which resulted in the detected changes with
assigned statistical conBdence. As per definition,
‘attribution’ is more composite compared to ‘detection’, as it unites statistical analysis and physical understanding. To attribute the observed
changes to human inCuence, it is essential to conBrm that the changes are unlikely due to natural
internal variability, and this is mainly achieved in
the detection process. A number of D&A studies
have been conducted worldwide to investigate
anthropogenic forced climate change. It is inappropriate to ascribe each new weather record to
climate change without any proper statistical
assessment. However, to date, the science of D&A
is in a nascent stage in most important parts of the
globe (BindoA et al. 2013).
Till date, D&A studies have been performed only
on a limited region in the deep tropics utilizing few
climate model simulations and none have reported
over Sri Lanka even after evidencing frequent
adverse hydro-climatic conditions. Human-induced
impact on Sri Lanka’s climate has not been
examined in detail so far. Increased GHGs could
alter the climatic pattern of Sri Lanka.
The evidence for the possible existence of a
detectable anthropogenic signal in the observed
temperature records should be obtained. Hence,
the potential impact of human-induced climate
change is analyzed by adopting a Bngerprint-based
formal D&A framework (Hasselmann 1979; Santer
et al. 2007; Pierce et al. 2008; Hidalgo et al. 2009).
Most Bngerprint studies have focused on temperature changes in the other parts of the world
(Solomon et al. 2007; BonBls et al. 2008; Hegerl

et al. 2011; Ribes and Terray 2013; Stocker et al.
2013; Sonali and Nagesh Kumar 2015; Dileepkumar et al. 2018; Sonali et al. 2018).
Based on the lacuna of existing research, the
present study has characterized whether the
changes in the seasonal maximum and minimum
temperatures (Tmax, Tmin) are significant (i.e.,
different from natural internal variability) and if
significant, whether natural or human-induced
changes. And to achieve this objective, formal Bngerprint-based D&A analysis has been performed.
The formal Bngerprint-based D&A approach seeks
to identify the causes of recent climate change,
involve rigorous statistical comparisons of modelsimulated and observed climate change patterns.
Spatio-temporal changes in Tmax and Tmin are
investigated before performing the formal D&A
analysis. The impacts of ENSO and IOD on seasonal Tmax and Tmin have also been analyzed to
understand the climate variability considering a
range of large-scale ocean-atmospheric circulation
indices.
2. Observed and model datasets
Sri Lanka lies between the latitude 5–10N and
longitude of 79–82E with warm and tropical climate. Sri Lanka has a tropical climate with a mean
annual temperature ranging from 15 to 28C.
Being close to the equator, the region is mostly hot
and humid, while during March–May, both temperature and humidity are at their peak. Four
seasons, viz., winter (January–February), premonsoon (March–May), monsoon (June–September), and post-monsoon (October–December) are
considered for the present analysis.
2.1 Observed datasets
Monthly Tmax and Tmin datasets (0.5 9 0.5 spatial resolution) are procured from the Climate
Research Unit (CRU TS3.22) (Harris et al. 2014)
for the period 1950–2012 considered in this present
study. Different large-scale circulation indices are
mainly based on Sea Surface Temperature (SST),
Sea Level Pressure (SLP), Zonal and Meridional
wind components (u and v). Most commonly used
climate indices are based on sea surface temperature (SST) and sea level pressure (SLP). Centennial observation-based estimates of SST version: 2
(i.e., COBE-SST2) are utilized in this study. Sea
level pressure (SLP) and zonal wind (U-wind)
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datasets from the National Center for Environmental Prediction (NCEP) are utilized for the
estimation of different climatic indices. Details
about the sources of observed and model datasets
are explained in table 1.
2.2 Model datasets
Fingerprint-based climate change D&A analysis
study is excessively dependent on climate model
simulation. This climate model-based formal Bngerprint approach describes the warming signal
in different seasons. Improper and erroneous
model simulations have often been a limiting
factor in Bngerprint-based change D&A study,
particularly at local scales. The role of climate
model is extremely important in understanding
the cause of climate, i.e., for the attribution
analysis (Sonali and Nagesh Kumar 2020). Since
IPCC, AR-4 progress has been made in overall
climate model simulation. Performance of new
generation Coupled Model Intercomparison Project Phase-5 (CMIP5) model has improved in
many respects compared to the old generation
models from Phase-3 (CMIP3). Various studies
have indicated that the conBdence in historical
simulation and future climate model projections
using CMIP3 climate models are likely to remain
low and have improved with high spatial

resolution CMIP5 climate models (Flato et al.
2014). The surface temperature simulated by
CMIP5 models agree better with observations
compared to CMIP3, and could simulate most of
the important aspects of surface temperature in
different parts of the globe and all over India
(Flato et al. 2014; Raju et al. 2017; Sonali et al.
2017a). CMIP5 multi-model mean is more skillful
than CMIP3 in simulating Asian Summer Monsoon (Sperber et al. 2013). In the CMIP5 model
simulation, radiative forcings such as indirect
eAect of aerosols, solar and volcanic forcings are
included, whereas these were not available in
CMIP3 climate models. CMIP5 climate models
are superior with better representations of
external forcings. However, till date, no studies
have been evaluated global climate models participating in CMIP5 for their performance in
simulating surface temperature of Sri Lanka. As
climate model performance evaluation is not the
prime objective of the present study, climate
model simulations suggested by Sonali et al.
(2017a) and Raju et al. (2017) are utilized for the
present Bngerprint-based D&A analysis. Raju
et al. (2017) have performed the model evaluation study at grid level which is helpful for
regional climate change impact assessment studies. Inference from both the studies was similar,
and by utilizing those shortlisted climate model

Table 1. Sources of the observed and model datasets.
Sl
no.
1

Data sources

4

Climatic Research Unit time series 3.22
(http://data.ceda.ac.uk/badc/cru/data/
cru˙ts/cru˙ts˙3.22/data/)
(https://psl.noaa.gov/data/gridded/data.
cobe.html)
(https://psl.noaa.gov/data/gridded/data.
ncep.reanalysis.html)
(https://esgf-node.llnl.gov/search/cmip5/)

5

(https://esgf-node.llnl.gov/search/cmip5/)

6

(https://esgf-node.llnl.gov/search/cmip5/)

7

(https://esgf-node.llnl.gov/search/cmip5/)

8

(https://esgf-node.llnl.gov/search/cmip5/)

2
3

Observed data

Model datasets

Monthly Tmax and Tmin

Sea Surface Temperature (SST)
Sea Level Pressure (SLP), Zonal wind
(u) and Meridional wind (v)
Monthly Tmax and Tmin
(historical experiment)
Monthly Tmax and Tmin
(historicalGHG experiment)
Monthly Tmax and Tmin
(histroricalNat experiment)
Monthly Tmax and Tmin
(histroricalMisc experiment)
Monthly Tmax and Tmin
(PiControl experiment)
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simulations infused conBdence in the present
D&A analysis by reducing levels of uncertainties.
For additional conBdence, similarity between
model and observed patterns over Sri Lanka are
quantiBed in terms of correlation (r), normalized
root mean square error (nrmse), pattern correlation (pattern-r), pattern root mean square error
(pattern-rmse) and probability distribution function matching skill (PDF-S) for the historical
time period, i.e., 1950–2005 (the common period
where both observed and model simulated data
are available). These indices are commonly utilized in the model performance evaluation study
and details can be found out in Sonali et al.
(2017a). Good match during all seasons are seen
(in terms of r, S and pattern-r) and the differences are found to be in permissible limit (in
terms of nrmse, pattern-rmse). The observed and
model simulated patterns are largely comparable
(in terms of PDF-S). Models are also able to
simulate the tails of the observed distributions

which is a good symbol of well performing model.
Climate models listed in table 2 are utilized for
the present D&A analysis.
Internal climate variability has a cardinal role in
D&A analysis and can be obtained empirically
from observations or from paleoclimate reconstructions or inferred from global climate models’
control simulations (which is termed as PiControl
experiment in CMIP5). Attribution process analyses the contribution of external forcings which
aAects the climate significantly. Different climatic
experiments available in CMIP5 used for climate
change D&A study such as only GHG forcing
(‘historicalGHG’), only natural forcing (‘historicalNat’) and only single natural or anthropogenic
forcing or various combinations of multiple forcings
(‘historicalMisc’) are the new additions to CMIP5
(Taylor et al. 2012). The pre-industrial control
(PiControl) and historical simulations are available for all CMIP5 model. The PiControl simulations are an attempt to capture the pre-industrial

Table 2. Details of CMIP5 model name and modelling institutions used for Tmax and Tmin in the present analysis. The availability
of different experiment simulations are indicated using symbol ‘H’.

No.

Institution

Model Tmax
1
CNRM˙CM5

H

H

H

H

H

H

H

H

H

H

H

H

National Center for
Atmospheric Research
MRI˙CGCM3 Meteorological Research
Institute
MIROC5
Atmosphere and Ocean
Research Institute,
National Institute for
Environmental Studies,
and Japan Agency for
Marine-Earth Science
and Technology

H

H

H

H

H

H

H

H

H

H

CCSM4

3

MIROC5

Model Tmin
1

CCSM4

3

historical historicalNat historicalMisc historicalGHG

Centre National de
Recherches
Meteorologiques
National Center for
Atmospheric Research
Atmosphere and Ocean
Research Institute,
National Institute for
Environmental Studies,
and Japan Agency for
Marine-Earth Science
and Technology

2

2

piControl
C 500
years

H
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climate equilibrium state (with no variations in the
external forcings). The PiControl experiment is a
long time scale simulation. The historical simulations represent the 20th century climate, and
forcing for these simulations are based on observed
atmospheric composition changes (both natural
and anthropogenic). The D&A of climate change at
regional scale is more difBcult due to the scale
forcing representation at Bner scale, uncertainty
associated in observations, dominant internal
variability and difBculty in identiBcation between
different causal factors. Models considered here are
based on the performance evaluation. Hence, the
uncertainty based on model evaluation is less significant here to aAect the conclusion of D&A
results.
3. Methodology

J. Earth Syst. Sci. (2021)130:105
SMK ¼

n1 X
n
X

sign ðRj  Ri Þ;

ð1Þ

i¼1 j¼iþ1

where Ri and Rj are two sequential subseries of
data and n is the length of the data series.
8
>
< þ1 if ðRj  Ri Þ [ 0
0
if ðRj  Ri Þ ¼ 0 ð2Þ
sign ðRj  Ri Þ ¼
>
:
1 if ðRj  Ri Þ \ 0:
The mean and variance of the test statistic are
presented below.
E ½SMK  ¼ 0;
Var ½SMK 
¼

nðn  1Þ ð2n þ 5Þ

Pq

k1 tk ðtk

ð3Þ

 1Þð2tk þ 5Þ

18

:

ð4Þ
3.1 Trend detection approaches
The aim of this study is to reveal the spatiotemporal changes in the different hydro-climatological series to understand the impact of climate
change and climate variability. Prior studies
conducted over Sri Lanka lacked appropriate
statistical methods for investigations of trend, as
most of them either considered the parametric
approaches (which require both distributional and
independent assumptions) or non-parametric
approaches (which do not consider the eAect of
serial correlation). Non-parametric rank-based
approaches mitigate the impact of outliers, eliminate the problem of skewness and do not involve
with distributional assumptions. Mann–Kendall
(MK) is one of the most widely used non-parametric approaches to assess the presence of significant monotonic trends (Kendall 1975; Mann
1945). Ignoring the underlying assumptions could
result in wrong conclusions. Hence, it is important
to consider modiBed MK test for serially dependent hydroclimatological time series. In the present study, for all statistical approaches, the
assigned significance level is of 0.05.

3.1.1 ModiBed Mann–Kendall test
In MK test, the null hypothesis of no trend is set
against the alternate hypothesis of increasing or
decreasing monotonic trend present in the time
series. MK test statistic ‘SMK’ is calculated as
follows:

With existing tied ranks in the time series,
there is a reduction in variance, and second
part of numerator in equation (4) considers the
eAect of ties present in the time series. Here, q
is the number of tied groups in the time series
and tk is the number of ties for the kth value.
8
SMK  1
>
>
if S MK [ 0
> pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
>
>
VarðSÞ
>
<
ZMK ¼
0
if S MK ¼ 0
ð5Þ
>
>
>
SMK þ 1
>
>
>
if S MK \ 0:
: pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
VarðSÞ
The distribution of SMK is approximately normal
and hence the trends are tested by comparing the
standardized test statistic ZMK with the standard
normal variate ZMK(1a/2) at the deBned statistical
significance level a.
MK approach is the commonly used trend detection approach and is based on the independent
assumption. But the observed hydroclimatological
time series are often serially correlated and the MK
test inferences could be misleading because of high
type-1 error. Positive (negative) serial correlation
results in an increase (decrease) in the variance of
SMK. Hence, modiBed MK (MMK) suggested by Yue
and Wang (2004) is adopted in this study.
Var ðSMK Þ ¼ CF  Var ðSMK Þ;

ð6Þ


n1 
X
k
1
CF ¼ 1 þ 2
qk ;
n
k¼1

ð7Þ
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where qk are the lag-k serial correlation coefBcients.
Here k = 1 as the test is conducted under the
assumption of AR(1) process.
Similarly, trend free pre-whitening MK (TFPWMK) approach proposed by Yue et al. (2002) is also
utilized. The steps followed in TFPW-MK
approach are: (1) estimate the slope using Sen’s
approach, (2) detrend the series with AR(1)
assumption, (3) apply MK approach to the detrend
series, if the serial correlation is significant at a
deBned level (here it is 0.05), else use the original
time series for the MK approach. TFPW helps
in removing the autocorrelation present in the
considered time series.
3.1.2 Sen’s slope
Sen’s slope by Sen (1968), a robust non-parametric
statistic of the rate of change, is used to estimate
the trend magnitude in univariate time series and
widely used in hydroclimatological series.


bsen

uj  ui
¼ Median
ðj  iÞ


for all i\j;

ð8Þ

where uj and ui are considered data from the series.
Total n(n1)/2 pairs of slope estimate values for
sample size of n are obtained. The Sen’s slope
estimator bsen is the median of all slope estimates.
Positive and negative values of bsen, respectively
indicate upward and downward trends.

analysis utilized both the oceanic and atmospheric
components of IOD.
All the ENSO indices are utilized for a thorough
understanding even though Niño3.4 is the most
widely used ENSO-representative. The Niño 1+2,
Niño 3, Niño 4, Niño 3.4 indices are deBned as the
area-averaged SST anomalies over (90–80W,
10S–0S); (150–90W, 5S–5N); (160E–150W,
5S–5N) and (170–120W, 5S–5N). The atmospheric component of ENSO, i.e., the Southern
Oscillation Index (SOI) is deBned as the observed
sea level pressure difference between Tahiti and
Darwin, Australia (source: https://climate
dataguide.ucar.edu/climate-data/nino-sst-indicesnino-12-3-34-4-oni-and-tni). All these indices
are used to summarize the ENSO status. The
dipole mode index (DMI) and equatorial zonal
wind index (EQWIN) are respectively the oceanic
and atmospheric components of IOD. The DMI is
deBned as the difference in SST between the
western (50–70E, 10S–10N) and eastern
(90110E, 10–0S) equatorial Indian ocean
[DMI=WEIOEEIO]. Along with DMI, both
EEIO (90110E, 10–0S and WEIO (50E–
70E, 10S–10N) components of DMI (EEIO and
WEIO) are considered separately in the present
analysis. EQWIN based on surface zonal wind
(Francis and Gadgil 2013) averaged over central
Equatorial Indian Ocean (60–90E, 2.5S–2.5N)
is used here. Seasonal Tmax and Tmin datasets are
used to examine the eAect of ENSO and IOD
indices.

3.2 Large-scale ocean–atmospheric circulation
The significant association between the hydrologic
variables and large-scale ocean-atmospheric circulation patterns is important to be assessed. Largescale ocean–atmospheric phenomena like ENSO
which is the most prominent mode of climate
variability have significant impact on the regional
and global climate. ENSO is a periodic Cuctuation
in sea surface temperature (El Niño) and air pressure of the overlying atmosphere (Southern Oscillation) across the equatorial PaciBc Ocean.
Characteristics of ENSO along with their atmospheric and oceanic components are considered for
the analysis. Most of the large-scale ocean–atmospheric circulations have their signature in the sea
surface temperature (SST) or sea level pressure
(SLP). The Indian Ocean dipole (IOD) is an ocean
and atmosphere coupled climate model in the
equatorial Indian Ocean (Saji et al. 1999). Present

3.3 Fingerprint-based D&A
In Bngerprint based D&A study, the causes of
observed changes are appraised by investigating
whether the expected ‘Bngerprints’ of different
causes of climate change are present in the historical record. In Bngerprint based D&A analysis,
model simulations are utilized to render complete
information about the expected response to different climate drivers by considering spatial information and the properties of internal climate
variability. Initially, it discerns patterns of
observed changes from internal variability.
In the process of detection, it is checked whether
the observed changes are distinct from the natural
internal variability. Once the detection is achieved,
further attribution of observed climate change is
carried out by comparing the observed and simulated climate changes with respect to different
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experiments, viz., historicalGHG, historicalNat
and historicalMisc. Previous studies have indicated
that the result from the optimized and non-optimized version of Bngerprint approach differs
slightly (Santer et al. 2007; Hidalgo et al. 2009).
D&A studies have been conducted for a number of
measures using non-optimized version of Bngerprint approach (Hoerling et al. 2006; Santer et al.
2007; Pierce et al. 2008; Hidalgo et al. 2009;
Mondal and Mujumdar 2012; Sonali and Nagesh
Kumar 2015; Sonali et al. 2018). Hence, non-optimal Bngerprinting approach is utilized here
which allows to use the whole control simulation
for the detection process. Fundamental concept of
Bngerprint-based D&A is to reduce the problem of
high dimension to a low dimension problem where
the detection of human-induced climate change
signal above ‘noise’ (i.e., the natural variability)
can be contrasted. In this approach, the expected
pattern of climate response to anthropogenic
forcings, i.e., the ‘Bngerprint’ is searched in the
observations (Hasselmann 1979; Hidalgo et al.
2009). The trend of the climate vector projected
onto the Bngerprint is deBned as signal strength
(SS).
SS = trendðFðxÞ  Tðx; tÞÞ;

ð9Þ

where F(x) is the signal Bngerprint. T(x, t) indicates the time series (t) at different locations (x) of
observation or model simulation with respect to
different experiments. The ‘trend’ represents the
slope of the least squares best-Bt line. The Bngerprint F(x) is deBned as the leading Empirical
Orthogonal Function (EOF) of the anthropogenically forced ensemble-averaged time series (which
is obtained from the historical experiment). It also
indicates the direction of the signal induced by
anthropogenic eAects. This process is different
from the extreme ways of detecting climate change,
which is either from the full variable space or
simply considering the mean. In this study, seasonal Tmax and Tmin time series are considered for
the analysis.
First, it is important to check whether the
observed change is similar to the change in control
simulation. Hence, the observed variability is
compared with the control variations (from
‘piControl’ experiment). A Monte Carlo test is
used to estimate the likelihood that the observations are drawn from the control simulations
obtained from ‘piControl’ experiment. All the climate models considered here are having at least
500 years of control simulations (as shown in

table 2). Hence, for the Monte Carlo test, control
simulations from each climate model are considered separately and combinedly for robust assessment. Steps followed are: (1) A segment is
randomly chosen among the m numbers of nonoverlapping n year length segments (n is the length
of observed data, n=56 years (1950–2005) in this
analysis) possible from the available control simulations to calculate SS, (2) For each considered
segment, SS is estimated using equation (9). And
the process is repeated 10,000 times to form a
distribution of control SS for comparison with
observed changes, (3) The observed SS is checked
whether it falls within the range of distribution of
control SS. If the observed SS lies beyond the
range, then it can be claimed that changes are not
due to natural internal variability.
As discussed earlier, once detection is accomplished further attribution analysis is performed,
which evaluates the consistency of observed changes with model-simulated changes with respect to
different forcings. The attribution is addressed by
determining SSs (relative to the Bngerprint) for the
various model experiment simulations and observations. In the attribution phase, it is checked
whether the observed SSs are consistent with the
SSs of historical or historical GHG simulations,
and simultaneously inconsistent with the historicalNat simulations (which incorporate solar and
volcanic forcing only).

4. Results
4.1 Trend analysis
Statistical test is a powerful tool to analyse any
time series, but it is important to initially observe
the behaviour of time series visually. This study
describes the observed changes in Tmax and Tmin
over Sri Lanka during second half of the 20th
century. Figure 1 demonstrates the temporal
changes in Tmax and Tmin during different seasons
of 1950–2012. Visually it is evident how seasonal
Tmax and Tmin are changing during the period of
analysis. Tmax is maximum during pre-monsoon
and minimum during post-monsoon season. Similarly Tmin is high during monsoon and low during
winter season. All standard measures such as
mean, standard deviation, maximum and minimum values are estimated for Tmax and Tmin at
monthly and seasonal scales, but not shown in a
tabular form.
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Figure 1. Seasonal changes in Tmax and Tmin in Sri Lanka (1950–2012).

To extract the details about the change and to
examine the statistical significance MMK approaches are employed for the trend detection analysis.
Kolmogorov–Smirnov test (KS-test) indicated
none of the considered series followed normal distribution. Hence, non-parametric approaches
which do not require distributional assumption are
utilized in this study. Both variance correctionbased MMK and TFPW-MK approaches are utilized to check the significance of trend. As
explained, appropriate trend detection approach is
essential to avoid the spurious detection and is also
suggested to utilize more than one approach for
robust trend detection analysis (Khaliq et al. 2009;
Sonali and Kumar 2013). Sen’s slope is utilized to
quantify the trend magnitude. Trend analysis has
been carried out both at a spatially averaged scale
(table 3) and at each grid scale for a thorough
understanding about the spatio-temporal hydroclimatological change over Sri Lanka (Bgures 2
and 3).
Significant trends are found in all seasons and
months in case of both Tmax and Tmin except
that during pre-monsoon season Tmax does not
show any notable changes (table 3). These significant changes in temperature in Sri Lanka
which is pursuant to global changes could be a

clear indication of human-induced climate
change. It is observed that Tmax and Tmin change
rates are intense both at seasonal and monthly
time scales. These Bndings of increasing surface
temperature are in line with previous research. A
series of recent studies have clearly indicated
significant changes in land surface temperature
over different metropolitan cities of Sri Lanka
(Dissanayake 2020; Dissanayake et al. 2019;
Ranagalage et al. 2017, 2018b, 2019, 2020).
Wilcoxon rank sum approach (Wilcoxon 1992) is
used to analyse the significant abrupt change
(which was visually evidenced in seasonal Tmax
and Tmin in Bgure 1). The Brst half (1950–1980)
and the second half (1981–2012) of the analysis
period are compared and the results are shown in
table 4. Significant changes are seen in both Tmax
and Tmin in all seasons and months. The whole of
Sri Lanka is covered with a total of 21 grid
points. Grid-wise analysis indicated both Tmax
and Tmin changes are significant in all the grids
except one during all seasons (Bgures 2 and 3).
Remarkable changes are seen in both Tmax and
Tmin. Trend analysis indicated that statistically
significant warming trends are observed over
whole of Sri Lanka. Results indicated that
around 95% of grid points show evidence of
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Table 3. Seasonal and monthly trend analysis during 1950–2012 over Sri Lanka. Symbols ‘:’, ‘;’and ‘0’ respectively, indicate
presence of upward trend, downward trend and no trend at 5% significance level using modiBed MK approach.
Variables

Duration

Winter

Pre-monsoon

Monsoon

Post-monsoon

Annual

Seasonal-wise trend
Tmax
Tmin

1950–2012
1950–2012

:
:

0
:

:
:

:
:

:
:

Variables

Duration

Jan

Feb

Mar

Apr

May

Jun

Jul

Aug

Sep

Oct

Nov

Dec

Month-wise trend
Tmax
Tmin

1950–2012
1950–2012

:
:

:
:

:
:

:
:

:
:

:
:

:
:

:
:

:
:

:
:

:
:

:
:

Figure 2. Grid-wise seasonal trends in Tmax during 1950–2012 over Sri Lanka. Symbols ‘black triangle’, ‘white triangle’ and
‘circle’, respectively, represent statistically significant upward, downward and no trend present in the time series.

upward trend in Tmax and Tmin (table 4). The
changes in Tmax and Tmin are uniform across all
seasons over Sri Lanka. Hence, further formal
D&A analysis has been performed to understand
the inscrutable changes considering both seasonal
Tmax and Tmin.
4.2 Contribution of large-scale atmospheric
circulation to seasonal temperature
variations
Correlations of seasonal Tmax and Tmin with different circulation indices, viz., DMI, EEIO, WEIO,

EQWIN, Niño 3.4, Niño 1+2, Niño 3, Niño 4, and
SOI are estimated for the period of analysis to
bring out the lead–lag relationships. Details about
all the circulation indices are explained in section
3.2. Positive and negative correlation values significant at 95% level are presented in table 5.
Important inferences from the analysis are
presented below.
• IOD could not exert its inCuence on any of the
considered variables and seasons during the
period of analysis. However, strong correlations
have been identiBed while considering both
EEIO and WEIO during all seasons.
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Figure 3. Grid-wise seasonal trends in Tmin during 1950–2012 over Sri Lanka. Symbols ‘black triangle’, ‘white triangle’ and
‘circle’, respectively, represent statistically significant upward, downward and no trend present in the time series.
Table 4. Wilcoxon rank-sum assessment results for Sri Lanka. Symbol ‘=’ indicates significant changes from 1st half
(1950–1980) to 2nd half (1981–2012) of considered time series at 5% significance level for Tmax and Tmin.
Variables
Seasonal-wise analysis
Tmax
Tmin

Duration 1st half to 2nd half
1950–2012
1950–1980

Winter

Pre-monsoon

Monsoon

Post-monsoon

Annual

=
=

=
=

=
=

=
=

=
=

1981–2012
1981–2012

Variables

Duration 1st half to 2nd half

Jan

Feb

Mar

Apr

May

Jun

Jul

Aug

Sep

Oct

Nov

Dec

Month-wise analysis
Tmax
Tmin

1950–2012
1950–1980

=
=

=
=

=
=

=
=

=
=

=
=

=
=

=
=

=
=

=
=

=
=

=
=

1981–2012
1981–2012

Associations of both EEIO and WEIO with Tmax
and Tmin are found to be stronger compared to
other circulation indices. The atmospheric component of IOD represented by EQWIN is negatively correlated with Tmax and Tmin in winter
and pre-monsoon seasons, but during postmonsoon only Tmax is significantly associated.
• Investigating all Nino indices, it is observed that
both Niño 1+2 and Niño 3 indices are equally
inCuential like Niño 3.4 climatic index. Whereas
Niño 4 index is less inCuential, but associated
with Tmax during all seasons except postmonsoon.

• SOI is associated with Tmax during all seasons
except post-monsoon, while with Tmin the correlations are found to be significant during
winter and pre-monsoon seasons.
• Both Tmax and Tmin are positively associated
with most of the oceanic components of ENSO
and IOD, while negatively associated with
atmospheric components such as EQWIN and
SOI.
• This lead–lag-simultaneous relationship with
seasonal Tmax and Tmin suggests that the ENSO
has an impact on the occurrence of significant
changes in seasonal temperature over Sri Lanka.

DMI
Tmax
Tmin
EEIO
Tmax
Tmin
WEIO
Tmax
Tmin
EQWIN
Tmax
Tmin
~ 3.4
Nino
Tmax
Tmin
~ 1+2
Nino
Tmax
Tmin
~ 3
Nino
Tmax
Tmin
~ 4
Nino
Tmax
Tmin
SOI
Tmax
Tmin

Index

Seasos

0.5
0.5

0.5
0.5

0.5

0.5
0.5

0.5
0.5

0.5

–0.5
–0.5

–0.5
–0.5

0.5

0.8
0.6

0.7
0.5

–0.5
–0.5

0.5

0.5

–0.5
–0.5

0.5

0.5
0.5

0.5
0.5

0.6
0.6

0.5
0.5

0.7
0.7

0.6
0.6

2

0.5
0.5
0.5
0.5

–0.5

0.6
0.6

0.7
0.7

2

0.6
0.5

0.5
0.5

–0.5
–0.5

–0.5

0.5
0.5

0.6
0.6

0.7
0.7

1

0.8
0.8

0.8
0.7

0

Lead

0.5

0.5
0.5

0.6
0.5

0.5
0.5

0.7
0.7

0.7
0.7

1

Lag

0.6

0.5
0.6

0.5
0.6

–0.5
–0.5

0.7
0.7

0.7
0.8

0

0.6
0.5

0.6
0.6

1

0.5

0.5
0.4

0.6
0.6

2

–0.5
–0.5

Lead

–0.5
–0.5

Pre-monsoon

0.5

0.5
0.5

0.5
0.5

0.5
0.5

0.6
0.6

0.5
0.5

2

–0.5

0.5

0.6
0.5

0.5
0.5

0.5
0.6

0.8
0.8

0.6
0.6

1

Lag

–0.5

0.6

0.6
0.6

0.6
0.6

0.5
0.6

0.7
0.7

0.5
0.5

0

Monsoon

0.5

0.5
0.5

0.5
0.5

0.5
0.5

0.7
0.7

0.6
0.6

1

2

0.5
0.5

0.5
0.5

0.5

0.5
0.5

0.6
0.5

Lead

0.5

0.5
0.6

0.5

0.6
0.6

0.6
0.5

2

0.5

0.5

0.5

0.6
0.6

0.7
0.6

1

Lag

0.6

0.5

0.6

–0.5

0.7
0.7

0.7
0.7

0

0.6

0.5
0.6

0.5

0.7
0.7

0.5
0.6

1

Post-monsoon

0.7
0.7

0.6
0.7

2

0.5

0.5

0.5

–0.5

Lead
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0.5

0.5
0.5

1

0.5
0.5

2

Lag

Winter

Table 5. Tmax and Tmin, and climatic indices lag-lead relationship for the period 1950–2012, Sri Lanka. Only significant positive and negative correlation at 5% level [p value
\ 0.05] are reported.
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Simultaneously, EEIO and WEIO strongly inCuence Tmax and Tmin of Sri Lanka at all lead–lag
and concurrent time steps. In conclusion, both
ENSO and IOD indices have strongly impacted
the climate of Sri Lanka.

4.3 Formal D&A analysis
Fingerprint-based D&A studies have been conducted extensively to understand the discernible
human inCuence on global climate. The Bngerprint-based formal D&A studies, which seek to
identify the causes of climate change, perform
exhaustive statistical comparisons of observation
and climate model simulation patterns as discussed
in section 3.3 in methodology section.
In this study, a rigorous D&A analysis is performed to determine the causes of the significant
changes in seasonal Tmax and Tmin in Sri Lanka.
The entire 1950–2005 period is chosen due to the
joint availability of observed datasets and model
simulations of different experiments essential for
D&A analysis. To facilitate analysis, all model
Belds and the observations are put onto a common
191 grid over the Sri Lanka using inverse square
distance interpolation technique. For the analysis
and comparison, seasonal Tmax and Tmin anomalies
(relative to the period of analysis) from observations and model simulations are utilized. Details of
the climate models utilized and available experiments are presented in table 2. Averaging across
models reduces the error both in the mean climate
and variability. The superiority of the multi-model
mean is validated in global and regional studies
(Pierce et al. 2009). Hence, ensembles of climate
models or multi-model mean are employed in the
present D&A study and represented as MMM.
Mean of all realizations of each model are considered to estimate the MMM of each experiment.
The MMM is equally weighted arithmetic average
simulations across all considered models.
The response pattern of anthropogenic forced
Tmax and Tmin are speciBed to be the MMM of the
historical experiment simulations. The leading
EOF of MMM historical experiment simulations is
denoted as Bngerprint, i.e., F(x). Based on the
Bngerprints, SSs are estimated for observations
and model simulations of different experiments
using equation (9). A total of 10 detection variables
based on both Tmax and Tmin during all seasons
(winter, pre-monsoon, monsoon, post-monsoon and
annual) are considered for the present analysis.
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The SSs are estimated for all the model simulations
of different experiments and observations considering each detection variables (table 6). The likelihood that natural internal climate variability is
the cause of the observed warming signal can be
examined by analysing the control simulations
obtained from the piControl experiment. Control
simulations from each model and combinations of
all control simulations are considered for the
Monte Carlo test. It estimates the likelihood of a
given value of observed SS drawn from the control
simulation. Results of the Monte Carlo test for all
detection variables related to Tmax and Tmin are
shown respectively in Bgures 4 and 5. Season-wise
histograms are presented in rows and each column
represents analysis based on individual model’s
and combination of all models’ control simulation.
The Bve rows are respectively for winter, premonsoon, monsoon, post-monsoon and annual. The
combined control simulation (ALL) results from all
the three considered climate models which are of
unequal length resulted in 2520 and 2170 years,
respectively, for Tmax and Tmin are shown in the
second column of Bgures 4 and 5. The result from
the Monte Carlo test indicated that the observed
changes are discernible from the natural internal
variability in all considered variables and the
detection has been achieved at 95% conBdence
level. The impactful inference that the observed
warming changes are outside the range of natural
internal variability of the climate system and it
holds good for all the alternatives (for Tmax:
CCSM4, ALL, CNRM CM5 & MIROC5 and for
Tmin: CCSM4, ALL, MIROC5 & MRI CGCM3)
considered for each detection variable in the Monte
Carlo test. It is certain from the present analysis
that natural internal variability alone cannot
describe the observed changes in seasonal temperature over Sri Lanka during the period of analysis
(1950–2005).
Further, for attribution process, the SSs (relative to the Bngerprint) for the MMM simulations
of different experiments (viz., historical, historicalGHG, historicalNat and historicalMisc) along
with observations are estimated for all detection
variables as shown in table 6. The 95% conBdence
intervals of SSs are highlighted in italics. The
observed SSs are found to be low in most of the
cases. It is also inferred that unequivocal attribution is not possible in any of the detection
variables related to Tmin. However, the changes in
Tmax during pre-monsoon, monsoon and annual
seasons are mostly due to human-induced
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Table 6. SS and its 95% conBdence intervals (italics) for different experiment (MMM simulation) along with observation during
different seasons for Tmax and Tmin in Sri Lanka.
Experiment simulation ;
historicalGHG
historicalMisc
historicalNat
historical
Observed

Winter (Tmax)
–0.00031
–0.00015
–0.00028
–0.00046
–0.00322

Experiment simulation ;
historicalGHG
historicalMisc
historicalNat
historical
Observed

–0.00303
–0.00066
–0.00079
–0.00262
–0.00467

–0.00017
–0.00031
–0.00112
0.00002
–0.00090

–0.00075
–0.00012
–0.00038
–0.00091
–0.00046

–0.00040
–0.00051
–0.00020
–0.00084
0.00085

0.00098
0.00128
0.00152
0.00085
0.00157

–0.00093
0.00034
0.00038
–0.00088
–0.00163

–0.00078
–0.00018
–0.00034
–0.00019
–0.00264

0.00193
0.00024
–0.00002
0.00083
0.00318

–0.00023
–0.00017
–0.00049
–0.00002
0.00027

–0.00093
0.00034
0.00039
–0.00088
0.00138

anthropogenic eAect as shown in Bgure 6. Each
sub-plot in Bgure 6 shows the visual comparisons
of MMM SSs of historicalGHG, historicalMisc,
historicalNat, historical simulations with observed
SS (respectively in red, green, pink, blue and
black colours). It is found that during the period
of analysis, the observed temperature increase in
Sri Lanka is synchronized with a progressive
warming obtained from historical and historicalGHG experiments in all the three cases (i.e.,
Tmax during pre-monsoon, monsoon and annual).
Comparison of observed SSs and MMM SSs of
both historical and historicalGHG experiments
reCected a clear consensus. The historicalGHG
experiment can engender much impact compared
to historicalNat and historicalMisc experiments

–0.00018
0.00004
0.00012
0.00019
–0.00074

0.00041
0.00026
0.00057
0.00061
0.00134

0.00008
–0.00006
–0.00005
0.00031
0.00211

0.00038
0.00007
0.00054
0.00070
0.00453

Post-monsoon (Tmin)
0.00039
–0.00003
0.00063
–0.00014
0.00414

–0.00115
–0.00074
–0.00071
0.00013
–0.00044

Annual (Tmax)
–0.00307
–0.00062
–0.00079
–0.00261
–0.00158

0.00004
0.00033
0.00076
0.00035
0.00299

Monsoon (Tmin)

0.00088
–0.00006
–0.00059
0.00042
0.00116

0.00000
–0.00028
0.00024
–0.00049
0.00252

–0.00036
0.00009
0.00015
–0.00029
0.00131
Pre-monsoon (Tmin)

Post-monsoon (Tmax)

Experiment simulation ;
historicalGHG
historicalMisc
historicalNat
historical
Observed

0.00030
0.00015
0.00020
0.00022
–0.00056

Monsoon (Tmax)

Experiment simulation ;
historicalGHG
historicalMisc
historicalNat
historical
Observed

0.00002
0.00000
–0.00004
–0.00014
–0.00188
Pre-monsoon (Tmax)

Experiment simulation ;
historicalGHG
historicalMisc
historicalNat
historical
Observed

Winter (Tmin)

–0.00061
–0.00036
0.00006
0.00057
0.00125

–0.00010
0.00007
0.00064
0.00097
0.00294

Annual (Tmin)
0.00095
0.00129
0.00155
0.00086
0.00430

–0.00070
–0.00025
0.00008
–0.00057
–0.00291

–0.00015
0.00000
0.00059
–0.00016
–0.00117

0.00044
0.00025
0.00111
0.00030
0.00012

on the change in seasonal Tmax. It can be seen
that the SSs for the historicalNat (natural external forcing due to solar irradiance and volcanic
eruption) simulations have opposite sign of
observed SSs. Warming over Sri Lanka is far
outside the range of natural external variability
obtained from the historicalNat experiment. The
observed changes are inconsistent with estimates
derived from the natural external forcing and
internal variability. There is a clear evidence from
Bngerprint-based D&A analysis that the warming
trend during different seasons is not due to natural internal variability. The significant impact of
climate change is evidenced during second half of
20th century in most of Sri Lanka. However, the
significant warming trend in some seasons cannot
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Figure 4. Comparison of observed signal strengths (observed SS) with PiControl signal strength distribution (Control SS) during
1950–2005. Analysis for Tmax during different seasons, viz., winter, pre-monsoon, monsoon and post-monsoon and annual are
presented respectively in 1st, 2nd, 3rd, 4th and 5th rows.

Figure 5. Comparison of observed signal strengths (observed SS) with PiControl signal strength distribution (Control SS) during
1950–2005. Analysis for Tmin during different seasons, viz., winter, pre-monsoon, monsoon and post-monsoon and annual are
presented respectively in 1st, 2nd, 3rd, 4th and 5th rows.

be entirely attributed to human-induced climate
change as the SS is low. Unequivocal attribution
to human-induced climate change could not be
claimed for all considered detection variables even
though observed changes are above the natural
internal climate variability.

5. Discussion
5.1 Climate change and climate variability
A rigorous analysis for interpreting and understanding the impact of climate change and climate
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Figure 6. MMM SSs with their 95% conBdence intervals for historicalGHG (histGHG), historicalMisc (histMisc), historicalNat
(histNat), historical (hist) experiment simulations, and observations (Obs) (respectively in red, green, pink, blue and black) for
pre-monsoon (plot a), monsoon (plot b) and annual Tmax (plot c) in Sri Lanka during 1950–2005.

variability on the hydroclimatological processes is
indispensable. Temperature probably inCuence the
human life tremendously compared to other climatic factor and hence Tmax and Tmin are considered among the six cardinal variables used for
climate change impact assessment analysis as per
IPCC. Moreover, it inCuences all the components
of hydrological cycle. Hence, the human society is
particularly vulnerable to large, long-term temperature changes. The preliminary trend detection
analysis indicated crucial warming signals both in
Tmax and Tmin, which established a foundation for
formal D&A analysis. Thus, the purpose of this
study is to characterize the most important spatiotemporal change features of temperature in order
to accurately determine the human-induced
anthropogenic eAects which are distinct from
natural changes.
The variation of Sri Lanka temperature is
studied during 1950–2012. Both the MMK and
TFPW-MK approaches showed significant
upward Tmax and Tmin trends over the whole of
Sri Lanka. The Tmax and Tmin increase on a seasonal scale resulted from pronounced warming at
monthly time scale (as it is observed that the
changes are significant during all months). The
sudden change after post-1980 could be a combined eAect of urbanization and strong decadal
shift in the tropical PaciBc Ocean (Sonali et al.
2017b). However, the eAect of decadal shift has
not been analysed in this study.
Investigation of the ocean-atmospheric circulations indicated that both ENSO and IOD eAects
are prominent. However, circulation indices such
as EEIO, WEIO, Niño3.4, Niño1+2 and Niño3 as
the main forcing factors for controlling the temperature variability of Sri Lanka. Strong association with both EEIO and WEIO clearly represents
the dominant eAect of the Indian Ocean.

The impact of climate change could not be
eAectively attributed to human-induced anthropogenic eAects. However, the Bngerprint-based
analysis clearly indicated that the seasonal temperature changes over Sri Lanka are not due to
natural internal variability during the study period. These Bndings of the very Brst Bngerprintbased climate change D&A study will definitely
enhance the climatic research in Sri Lanka. The
Bndings of this research may lend an additional
dimension to the classic concepts of detection
of temporal change using trend detection
approach. Trend detection approaches intimate
only the significant changes, but do not state the
underlying causes.
Spatio-temporal dynamics of surface air temperature in the context of changing climate, particularly in countries where rainfed agriculture is
predominant, is vital to assess climate-induced
changes and which could be helpful in suggesting
feasible adaptation strategies. Hence, the inference
from this Bngerprint-based change D&A analysis
could be helpful for the policy makers in dealing
with the current climate change adaptation and
mitigation challenges (Sonali and Nagesh Kumar
2020). This study further veriBed the conclusions
on climate change D&A cited in IPCC AR5
(BindoA et al. 2013; Perkins-Kirkpatrick and Gibson 2017). With thorough analysis, this study
enriched the evidence for human-induced anthropogenic inCuence on climate.
5.2 Limitations of the study
Human-induced anthropogenic inCuence on climate is evidenced at global scale, but analysing the
anthropogenic inCuence at regional scale is very
useful and challenging (Change 2007; BonBls et al.
2008; BindoA et al. 2013; Sonali and Nagesh Kumar
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2020). The major challenges at regional scale are:
(1) relative contribution of internal variability (i.e.,
the noise) is dominant and simulated internal
variability is less reliable at regional scale compared to global scale, (2) difBcult to distinguish
between responses to different climate forcings, (3)
important forcings at regional scale are missing in
some climate models. This analysis is an essential
addition to the existing literature, though few
sources of uncertainty cannot be ruled out. None of
the climate model can perfectly reproduce the
observed climate. But as discussed many of the
studies have highlighted that climate model simulations are absolutely authentic for attribution
analysis. CMIP5 model simulations are superior
compared to CMIP3 in simulating Tmax and Tmin
(Raju et al. 2017; Sonali et al. 2017a). Pivotal
improvements in CMIP5 such as, interactive representation of the carbon cycle, aerosol, anthropogenic sulphur dioxide emission and time-varying
ozone have elevated the reliance on climate model’s
suitability for D&A analysis (Sonali and Nagesh
Kumar 2020). Considering CMIP5 model simulation in this analysis, the uncertainty has reduced to
an extent. The individual contribution of GHGs
forcing and aerosols have not been considered in
this analysis, but is essential in future research. It
can be expected that, with the continual development of climate model’ performance, ongoing
improvements to observed data, and with the
development of new methodologies, climate change
D&A research will further develop in the future.

6. Conclusion
Accurate understanding of past climate state is
essential for dealing with the present situation and
accurate future climate prediction. Different studies focusing on D&A of human-induced impact on
climate change have been reported in different
parts of the world. There have been some prior
investigations of hydroclimatological changes in Sri
Lanka, but none has focused on climate change
D&A. The present study Blls this gap by performing a Bngerprint-based D&A analysis to
understand the respective roles of different factors
in changing the seasonal Tmax and Tmin over Sri
Lanka in deep tropics which has not been performed so far.
Significant increasing trends in Tmax and Tmin
are found at 95% conBdence level by non-parametric MMK and TFPW-MK approaches. Strong
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increasing trends in Tmax and Tmin are found at all
grid points covering the whole of Sri Lanka except
one grid during all seasons and months. Significant
changes are found in Tmax and Tmin from 1st to 2nd
half of the analysis period. Spatial extension of
significant changes in Tmax and Tmin during all
seasons and monthly scale is found to be critical.
Large-scale atmospheric–circulation patterns
have a strong inCuence on hydroclimatology of Sri
Lanka. A thorough statistical analysis was undertaken to determine the nature and magnitude of
the relationship of Tmax and Tmin in Sri Lanka to
large-scale atmospheric circulation patterns. Both
oceanic and atmospheric circulation indices representing ENSO and IOD are considered for this
analysis. In this analysis, evidence of significant
links between ENSO indices and hydroclimatology
of Sri Lanka is found. This could lead to frequent
Cood and drought as it is one of the leading modes
of global SSTs. As these large-scale circulation
indices can be predicted well in advance, these
inferences could be used further for drought adaptation strategies.
Fingerprint-based D&A analysis is carried out
utilizing CMIP5 multi-model simulation. Monte
Carlo test indicated that the observed changes
are distinct from the controlled experiment simulation which represents the natural internal
variability. This inference persists for all considered detection variables. However, changes in
Tmax and Tmin during all seasons could not
completely attribute to human-induced climate
change except a few. It is demonstrated that
there is a lack of consistency between observations and historicalNat simulations (such as,
solar and volcanic) in Tmax during pre-monsoon,
monsoon and annual seasons. Additionally, the
MMM SSs of historical and historicalGHG simulations are consistent with the observed SS.
Hence, the changes in Tmax during pre-monsoon,
monsoon and annual seasons can be unequivocally attributed to human-induced anthropogenic
changes. This is the Brst formal D&A study,
which has been attempted to understand the
discernible human inCuence in causing devastating changes in climate of Sri Lanka in the deep
tropics. Present analysis could explain the plausible reason behind the significant recent changes
in temperature over Sri Lanka. It indicated a
significant contribution of anthropogenic warming in the recent rising in temperature (Tmax
during pre-monsoon, monsoon and annual) over
Sri Lanka which could have serious implications
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on the environment, water resources and
agriculture.
The mapping of Tmax and Tmin trends and their
correspondence to the large-scale ocean–atmospheric circulation modes, and most importantly
Bngerprint-based climate change D&A studies are
valuable additions to the ongoing climate change
research carried over Sri Lanka. It could definitely
assist the policy makers to improvise the adaptation and mitigation strategies. Such an increase in
Tmax and Tmin can have serious implications on
water resources management, which coupled with
rising humidity could also lead to serious implications on human health and the environment.
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