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Abstract

India's agriculture is a signiﬁcant component of the Gross National Product (GNP) and is
largely dependent on the Indian summer monsoon. This makes an accurate prediction of rainfall a key
factor in improving agricultural production. A statistical cycle, widely known to have a strong 2.85‐year
period and will therefore be called a triennial oscillation here, plays a vital role in such predictions. In the
present work, we examine the spatial distribution of this short‐period oscillation at 1° × 1° (lat./long.)
resolution using 1,260‐month data (1901–2005). A power spectral analysis of the observed data set shows
that the statistically signiﬁcant triennial oscillation (at 95% conﬁdence level) is present over 54% of the
total number of 354 grids across India, which covers 69.03% area. Projections of selected data from models
used in Coupled‐Model Inter‐comparison Project Phase 5 predict weakening of this oscillation (in
amplitude) by 2100. The projections indicate reduced conﬁdence levels of this oscillation at 80%, 85%, and
90%, respectively, in 3%, 20%, and 62% of the selected 54% grids, which covers 41.3% area. A weakened
triennial monsoon cycle will have a severe impact on agriculture and water resource management,
particularly over the southwest‐coastal, northern, and northeast‐central parts of India.

Plain Language Summary

An accurate prediction of Indian monsoon rainfall is of utmost
importance for many applications like agriculture, water resource management, and extreme events. One
of the ways to assess the degree of predictability in the monsoons is by extracting the signiﬁcant oscillations
present in the given data. This work evaluates the presence of triennial oscillation for this purpose and
assesses the changes in its magnitude in future projections. The results reveal that the signiﬁcance levels of
this oscillation are decreasing over a large part of the country.

1. Introduction
The Indian monsoons interact and operate over a broad range of temporal and spatial scales. In spite of this
complexity, rainfall data speciﬁcally show well‐deﬁned patterns, and a large number of studies suggest that
the Indian summer monsoon rainfall (ISMR) has a 95% signiﬁcant periodicity of 2.85 years, which has been
detected using both linear and nonlinear techniques (Azad & Narasimha, 2008; Iyengar & Kanth, 2005;
Kailas & Narasimha, 2000; Kumar, 1997). The established 2.85‐year periodicity of ISMR has been known
to be a signiﬁcant component of the tropical “biennial” oscillation (Mooley & Parthasarathy, 1984). The tropical biennial oscillation is generally deﬁned as the tendency for the monsoon to switch between “strong”
and “weak” years (Loschnigg et al., 2003; Meehl, 1987; Meehl, 1997). A relatively strong monsoon is said
to occur during year i as when the following relation holds (Meehl & Arblaster, 2002; Meehl et al., 2003):
x i−1 <x i >x iþ1 :

(1)

Similarly, a weak year i is deﬁned by the relation
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x i−1 >x i <x iþ1 :

(2)

In fact, variability in the ISMR has been found to be characterized by several cycles in the spectrum, which
includes oscillations in the band of 2‐ to 3‐, 3‐ to 5‐, 5‐ to 10‐, and 10‐ to 20‐year periods (Azad & Narasimha,
2008; Azad et al., 2007; Azad et al., 2010; Kailas & Narasimha, 2000; Kumar, 1997). Besides these periodicities, Indian monsoon has teleconnection with the global phenomenon widely known as El Niño Southern
Oscillation (ENSO) in 3 to 5‐year period band (Narasimha & Bhattacharya, 2010). In a recent work by the
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authors (Azad & Rajeevan, 2016), it was shown that the inverse relation of rainfall‐ENSO in 3‐ to 5‐year band
is probable to shift to shorter periods (3–2.5 years) in future, leading to assumption about possible weakening
of the triennial oscillation of the ISMR. Therefore, in this work we focus on the triennial oscillation, its spatial distribution, and how it is likely to change in future simulations of Coupled‐Model Inter‐comparison
Project Phase 5 (CMIP5).
General circulation models (GCMs) are generally used for deriving future simulations of climate. The ﬁfth
assessment report of Intergovernmental Panel on Climate Change provides coupled models of CMIP5 to
assess future climate change scenarios. Due to the availability of projections from these models (Taylor
et al., 2012), there had been a great attention in evaluating the changes in ISMR under projected warming.
Apart from some uncertainties in the models (Knutti & Sedláček, 2013; Liu et al., 2015; Loschnigg et al.,
2003; Sengupta & Rajeevan, 2013), it was found that the CMIP5 models satisfactorily replicate the dominant
features of the monsoons and changes in mean rainfall, annual cycle extreme events, Walker Circulation,
and so forth have been reported (Feng et al., 2013; Jena et al., 2015, 2016; Kociuba & Power, 2015; Menon
et al., 2013).
The evidence of changes in the triennial oscillation would be useful for policy makers, farmers, water managers, and so forth. In a predominantly agricultural country like India, weak and strong monsoons substantially alter agricultural output, and thus also the economy of the country (Chaudhari et al., 2010; Kripalani
et al., 2003; Mooley & Parthasarathy, 1984). Therefore, reliable prediction of this oscillation has immense
importance for agricultural activities and water resource management.
The paper is divided into three different sections. The observed and GCMs' data sets with methodology are
mentioned in section 2. Section 3 gives the details on the analysis of the results, and a concluding remark is
described in section 4 followed by the reference part, which is mentioned in section 5.

2. Data and Methodology
2.1. Data
The gridded rainfall data of 1° × 1° (1° latitude = 110.56 km. at equator) spatial resolution, spanning over
the period of 1901–2005, were obtained from the open web repository of climatic research unit, UK (http://
www.cru.uea.ac.uk; Harris et al., 2014) to facilitate the study. The spatial domain for analysis comprised of
354 grids and was chosen to be in the range of latitude 8°4′ to 37°5′ and longitude 68°5′ to 97°5′ covering
the Indian region. To focus on ISMR, monthly data from June to September (JJAS) in each year were
adopted to constitute the 105‐year rainfall time series for each of the 354 grids. Furthermore, all‐India
JJAS time series were obtained by taking the area‐weighted average of all grids using a standard weighted
matrix (Rajeevan et al., 2006) provided by the Indian Meteorological Department—the national meteorological agency of India.
The present study analyzes historical simulations (1901–2005) as well as future projections for rainfall of
28 CMIP5 and 20 climate models for ENSO (2006–2100) under the RCP8.5 scenario (Taylor et al., 2012).
Using the bilinear interpolation technique, the GCM outputs are rescaled to the observed data resolution
of 1° × 1°. Bilinear interpolation provides a good representation of data without relegating the quality
and is adequate for many applications. Other interpolation techniques like Budget and nearest neighbor
are demonstrated only for the high‐resolution grid transformation by Accadia et al. (2003). It has been
reported that precipitation forecasts show greater spatial variability and strong gradients at higher resolution. Veriﬁcation (and intercomparison) of mesoscale models on a coarser grid should be less sensitive to
small forecast displacements errors. Therefore, the present analysis has been conducted on the coarse grid
transformations of models, and in such cases, bilinear method provides good results (Spicer et al., 2009;
Yoon et al., 2012).
2.2. Methodology
The fast Fourier transform is employed to obtain the power spectral density (PSD) of a stationary random
process. The spectral representation of a discrete time series x(t) with unit time interval is known to be a periodogram deﬁned as (Stoica & Moses, 1997)
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2
2
N−1
∑t¼0 x ðt Þe−iωk t ;
N

(3)

in which ωk = 2Пk/N, N is the sample size, and k = 0,1,…,N/2 is the frequency index. The Welch technique
uses the technique of hamming window to extract the energy x(ωk) of the frequency. In order to reduce the
variance induced by the standard periodogram, the method uses the concept of averaged periodogram of
overlapped, windowed segments of a time series. The average periodogram is obtained by applying
equation (3) in each part of overlapped partition data and averaging over the periodogram.
The peak obtained in the spectrum undergoes a statistical signiﬁcance test, which needs a ﬁnite reference
discrete time series. For this purpose, the ﬁrst‐order autoregressive is used, which is deﬁned as
X ðt Þ ¼ αX ðt−1Þ þ εðt Þ;

(4)

1−α2
1 þ α2 −2 αcos

(5)

whose normalized PSD function is
Pk ¼

2πk
N

;

where k = 0,1,…,N/2 is the frequency index and t = 1,…,N denotes discrete time in units of the sampling interval. For t = 1, X(1) = α × 0+ε(1), where X(0) = 0 is the lag‐1 autocorrelation coefﬁcient (0 < α < 1) and ε(t) is a
Gaussian white noise process with mean zero and an appropriate variance. From equation (5), it is clear that
the shape of the spectrum Pk varies according to the value of α. Moreover, it is seen that (Azad et al., 2007)
the value of α depends on the data. For rainfall it is close to zero; hence, the spectrum takes the shape of
white noise.
If a peak in the power spectrum is signiﬁcantly above this background spectrum (Gilman et al., 1963), then it
is a result of statistical ﬂuctuation, which can be subjected to the test with a speciﬁed conﬁdence level. To
obtain the conﬁdence level, the reference spectrum is multiplied with 95% percentile value of chi‐square distribution with 2 degrees of freedom. Then after, the peak exceeds, the 95% percentile is extracted and treated
as statistically signiﬁcant cycle.

3. Results and Discussion
The PSD of the JJAS series is estimated and shown in Figure 1a against a background spectrum. The significance test on the PSD of rainfall data shows 2.85 years, which is signiﬁcant at 95% conﬁdence level (henceforth referred to as triennial oscillation). It is observed in Figure 1a that the rainfall spectrum has relatively
signiﬁcant power at lower and higher frequencies. It has been proved that there is a statistical signiﬁcant
spectral dip in a band around the 4‐year period (0.25 year−1) and not a mere random ﬂuctuation (Azad et al.,
2010). Furthermore, in a recent work by the authors (Azad & Rajeevan, 2016), it was shown that this spectral
dip in the 3‐ to 5‐year (0.3–0.2 (1/year)) band indicates a rainfall‐ENSO inverse relation and is likely to shift
to shorter periods (3–2.5 years) in future, speculating a possible weakening of the triennial oscillation of the
Indian monsoon rainfall.
In Figure 1b, the signiﬁcant 2.85‐year period (at 95% conﬁdence level) is estimated spatially over the Indian
mainland. It is shown that out of the total 354 grids, the signiﬁcant triennial oscillation exists in 191 grids,
which is 53.9% of the total grids. Moreover, the region of northeast‐central, west coast, and northern part
of the country are seen to form dense clusters of the signiﬁcant triennial oscillation.
To investigate future projections of the triennial oscillation, ﬁrst, the CMIP5 models in the historical time
period (1901–2005) are selected. Selection of optimum models is usually performed by considering the
spatial matching of models with the observed data. The PSD function is implemented for CMIP5 hind‐
cast‐gridded data sets to visualize the distribution of triennial oscillation at the same temporal and spatial
scale as observations. The best models are selected for analyzing the changes in the triennial oscillation in
future projections. The selection of best models is made by the following procedure:
Step 1: The signiﬁcant triennial oscillation in each grid for all models is extracted. That is,
JENA AND AZAD
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Figure 1. (a) Indian summer monsoon rainfall spectrum obtained from Welch technique and the background spectrum
(dashed horizontal line) with 95% conﬁdence levels. Period (year) is marked at a signiﬁcant peak; (b) spatial distribution of
95% signiﬁcant triennial oscillation. PSD = power spectral density.



PSD M i;j ; i ¼ 1; 2; 3; …28

& j ¼ 1; 2; 3; ::354:

(6)

i identiﬁes the model used among the 28 models selected, whereas j indicates the grid number corresponding
to the spatial location at which the PSD is being evaluated. Here [Mi,j] represents ith models and jth location.
Step 2: It extracts the spatial locations j at which observed periodicity match with model value.




PSD M i; j ¼ PSD obsj

(7)

That is, it identiﬁes the grid points, where both observation and model have the same periodicity.
Step 3: Then for the ith model, the grid numbers at which model and observation agree are collected.
Step 4: The 75th percentile value of the collected grids of all models is calculated. This value is considered as
threshold (ths) value for acceptance to ﬁlter out the model.
Step 5: Mi is selected if Mi,j ≥ ths.
Based on the above criteria, the result obtained from the model MIROC‐ESM‐CHEM matches 74% with the
observations, which is highest in comparison with others, followed by the HadGEM2‐ES (69% matching).
The spatial matching of observations with ﬁve models, namely, MIROC‐ESM‐CHEM (74%), HadGEM2‐ES
(69%), MPI‐ESM‐LR (64%), MIROC‐ESM (57%), and IPSL‐CM5A‐MR (57%) is shown in Figure 2. These ﬁve
models have triennial oscillation in 40%, 37%, 31%, 31%, and 37% grids, respectively, and are selected for
future projections. Furthermore, Figure 3 shows the grid points at which more than three models agree with
observations. It is found that 73% of the model grids match with the observations as depicted in Figure 3.
It is also equally important to analyze all‐India triennial oscillation of the selected models for the hind‐cast
time period. The results are depicted in Figure 4 and are in corroboration with the observations. Therefore,
these ﬁve models, namely, MIROC‐ESM‐CHEM, HadGEM2‐ES, MPI‐ESM‐LR, MIROC‐ESM, and IPSL‐
CM5A‐MR, are considered for future analysis.
The PSD of projected all‐India rainfall over 2005–2100 of the selected models are estimated for ISMR time
series. The results depicted in Figure 5 reveal that the conﬁdence level of the triennial oscillation of the
two models, MIROC‐ESM‐CHEM and IPSL‐CM5A‐MR, are above the 95%, whereas a shift in the conﬁdence
level is detected by three models out of the ﬁve. It is found that the conﬁdence level of the triennial oscillation reduces to 85% from 95%, in the model HadGEM2‐ES and MPI‐ESM‐LR, whereas the conﬁdence level is
reduced to 90% in the model MIROC‐ESM.
So as to examine the changes in the spatial pattern of the triennial oscillation at the regional scale, the PSD
function is implemented for projected gridded rainfall of the selected models. Results reveal that the conﬁdence level of the triennial oscillation is likely to shift from higher to lower levels. The total number of grids,
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Figure 2. The spatial matching of ﬁve best models with the observations.

in which a change in the conﬁdence level from historical to projections is seen, has been estimated and is
shown in Figure 6. It is revealed that, in the model HadGEM2‐ES, the conﬁdence level has reduced in
70% of the signiﬁcant grids, which is the highest in comparison with other selected models. It is followed
by the model IPSL‐CM5A‐MR (65%), whereas such transformation is seen least in the model MIROC‐
ESM‐CHEM. Percentage shown in each of the models in Figure 6
indicates the decrease in conﬁdence level from higher to lower of the
triennial oscillation. Furthermore, it counts the spatial grids in which
such changes have been encountered.
However, the spatial patterns of the triennial oscillation projections seem
to be different among the selected models. To identify the unique geographical locations based on the selected model's agreement, Figure 7 is
brought into the picture to clearly estimate the changes in the triennial
oscillation and to visualize the sensitive region which could experience
such changes. Figure 7a represents signiﬁcant triennial oscillation of the
selected models based on the maximum agreement in historical time
period. It is shown that the 139 grids out of 191 (73%) match with the
observations (see Figure 1b).

Figure 3. The spatial distribution of triennial oscillation of ISMR at which
model's agreement matches with the observations.

JENA AND AZAD

Figure 7b represents the distribution of triennial oscillation, which is
signiﬁcant at lower conﬁdence level (below 95%) in future projections.
The result, as shown in the ﬁgure, clearly indicates that the conﬁdence
level of the triennial oscillation reduces in 80% of the grids (which is 112
grids out of 139). The results suggest that the regions of southwest‐coast,
northern, and northeast‐central India experience such changes. The
southwest‐coastal region of India assumes its importance due to the
Western Ghats. It is widely reported that Western Ghats, India's largest
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Figure 4. The power spectral density (PSD) of Indian summer monsoon rainfall in the historical time period of Coupled‐Model Inter‐comparison Project Phase 5
models (1901–2005).

natural carbon, sinks and a biodiversity hot spot has been adversely affected due to climate change
(Manjunatha et al., 2015; Murugan et al., 2009). Also, in southwest‐coastal region temperature hot
spots have been identiﬁed in Narula et al. (2018) where it has been shown the region undergoes
several mean change years in average temperature. The change in the strength of triennial oscillation
could be due to the changes in temperature over south‐coast region. The regions of northeast‐central
and northern part of India are known to be rich in agricultural products, which depend on abundant

Figure 5. The power spectral density (PSD) of Indian summer monsoon rainfall in the projected time period of Coupled‐Model Inter‐comparison Project Phase 5
models (2005–2100).
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Figure 6. Spatial pattern of the triennial oscillation of the selected Coupled‐Model Inter‐comparison Project Phase 5 model's projection.

rainfall (Prasanna, 2014). This could severely threaten the lives of those depending on agricultural products and agribusiness industry.
The conﬁdence level of the triennial oscillation in the future projections is reduced to lower levels, and their
spatial distribution is shown in Figure 7c, whereas the exact number of grids for various conﬁdence levels are
shown in Figure 7d. It shows that the conﬁdence level of the triennial oscillation is reduced to 80%, 85%, and
90%, respectively, in 3%, 20%, and 62% of the grids, respectively, whereas about 15% of the grids experience
triennial oscillation below 95% conﬁdence level. This indicates the weakening of the triennial oscillation in
amplitude over large parts of the country.
The analysis so far has been performed in the frequency domain; we now aim to establish the signiﬁcance of
our result in the time domain. This is performed by establishing a one‐to‐one correspondence in time and
frequency domain. For this purpose, a statistical procedure is explained as follows: First, Student's t test is
implemented to check whether the mean rainfall of projections has signiﬁcantly decreased in comparison
to historical data. The test is implemented separately on the all‐India and gridded data. The null hypothesis
is deﬁned as H0 : μ1 = μ2, where μ1, μ2 represent the mean rainfall of historical and projected models, respectively, with alternate hypothesis deﬁned as H1 : μ2 < μ1. Hence, the rejection of null hypothesis would imply
that the amount of the mean rainfall of projections is signiﬁcantly less than historical data.
The results reveal that the null hypothesis is rejected at 5% signiﬁcance level (p < 0.001) for all the ﬁve
models, which indicates that the mean rainfall of the projected models is indeed signiﬁcantly less than
the historical data. Similarly, same statistical test is applied on regional scale, and the hypothesis is rejected
over the grids where conﬁdence level of the triennial oscillation is signiﬁcantly reduced. Speciﬁcally, it is
seen that the mean rainfall of model's projections of all grids is decreased in time domain, where the triennial oscillation has reduced its conﬁdence level to 80% in frequency domain. Furthermore, mean rainfall of
projections has signiﬁcantly decreased in 65.7% and 63.6% of the grids, where the conﬁdence levels of the
oscillation have reduced to 90% and 85%, respectively. Hence, it is concluded that the mean rainfall of
projections is signiﬁcantly less in comparison to historical data.
JENA AND AZAD
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Figure 7. Changing spatial pattern of the conﬁdence level of triennial oscillation at the gridded level (a) signiﬁcant
triennial oscillation in the historical simulations (1901–2005); (b) triennial oscillation in the projections that have changed
their signiﬁcance levels; (c) conﬁdence levels of changed grids; (d) estimated number of grids where signiﬁcance levels
are changed. The area under insignificant grids is also mentioned along with the percentage of changed grids.

In order to further check the strength of each cycle in time domain, the corresponding years are extracted
using equations (1) and (2). Then after, the conditional probability of each cycle is calculated for historical
and projected models over time. Mathematically, it is deﬁned as follows:
P ¼ PðT≤μjðEq:1 or Eq:2ÞÞ; i ¼ t 1 ; ……t n ;

(8)

where μ represents the long‐term mean of rainfall; t1,……tn represent years; and the value of n is 105 and 94
for historical and projections, respectively. The cyclic mean T is calculated by taking the average of three
consecutive years, which satisﬁes either equation (1) or (2). From the analysis, it is concluded that the
strength of triennial cycle is likely to reduce in most of the selected projected models with probability as high
as 93.65%.

4. Summary and Discussions
Many studies have been performed on the periodicity detection, mainly focusing on all‐India index and homogenous zones. The gridded data, however, have not been subjected to periodicity detection. Interestingly,
in this study we ﬁnd that the signiﬁcant triennial oscillation (at 95% conﬁdence level) is present over 54% of
the observed grids, which is 69.03% of the total area. This forms a dense cluster above the 26° latitude (northern
India), whereas sparsely distributed signiﬁcant grids are seen below 18° latitude (southern India). Moreover,
JENA AND AZAD
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Figure 8. Normalized moving average of June to September annual rainfall and El Niño Southern Oscillation (ENSO) of the selected models over historical and
projection time period.

an elongated strip of signiﬁcant grids is less densely distributed from western to northeast India (in between
18° and 26° latitude). Further, our results revealed that 5 CMIP5 models out of 28, namely, MIROC‐ESM‐
CHEM, HadGEM2‐ES, MIROC‐ESM, MPI‐ESM‐LR, and IPSL‐CM5A‐MR, capture the behavior of triennial
oscillation both at all‐India and gridded scale. To consolidate the results of these ﬁve models, an integrated
form is obtained, which displays a remarkable degree of spatial similarity with the observations based on the
maximum matching of all models at the gridded scale. Projections disclose that the conﬁdence levels of the
triennial oscillation will reduce over large parts of the country. In particular, it is demonstrated that the triennial oscillation at 95% conﬁdence level is preserved only in 20% and the remaining 80% of the selected
grids, which covers 41.3% area is likely to be insigniﬁcant in future projections. The southwest‐coastal,
northern, and northeast‐central part of India will mainly experience changes where conﬁdence levels of
the triennial oscillation are projected to reduce from 95% to up to 80%.
This weakening of the triennial oscillation (in amplitude) of Indian monsoon rainfall is investigated further
and demonstrated in Figure 8. It represents the normalized ENSO index against JJAS rainfall. The result
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presented in Figure 8 suggests that high positive index of ENSO corresponds to low negative index of ISMR
and vice versa. This indeed explains the inverse relation between ISMR and ENSO in time domain, which
has been established in frequency domain in Azad and Rajeevan (2016). Furthermore, it is observed in
Figure 8 that the cycle of rainfall and ENSO, which is evident in the historical time period, seems to be changing in model's projections. Although the inverse relation is preserved in future time domain, abrupt
changes in ISMR indicate the inﬂuence of nonlinear forcing such as ENSO.
It can be deduced from this inverse relation that ENSO acts as a driving force to modulate ISMR. However,
some of ENSO episodes enhance while some other diminish ISMR. So it is required to quantify the role of
ENSO during strong and weak triennial oscillation. Therefore, in addition, strong and weak triennial cycles
are extracted using equations (1) and (2) over the time 2006–2100. Then corresponding ENSO index is also
extracted to quantify the inverse relation in triennial cycle band. Further, it also gives probabilistic measure
whether triennial cycle is affected by the ENSO cycle. The study reveals that there is 58% of chance of weak
ENSO cycle persists in active phase of triennial cycle and 52% of chance of strong ENSO cycle in weak phase
of triennial cycle.
To conclude, we summarize that the weakening of the triennial oscillation of ISMR depends on the global
phenomenon ENSO. Azad and Rajeevan (2016) have presented evidence of a possible shift of Indian monsoon rainfall‐ENSO inverse relation toward shorter time periods (3–2.5 years) in the future. In response to
this change, the present paper has evaluated the signiﬁcance of the triennial oscillation in future projections
and revealed that the conﬁdence level of this oscillation are likely to decrease over a large part of the country.
Water resource management, which is dependent on the monsoon, is highly critical for the Indian subcontinent. The results of this study can be used to prepare for social, agricultural, and economic conditions
resulting from strong and weak monsoons.
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