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Abstract  Every year there were regular atmospheric oscillation representing in the form of convection and 
precipitation. This article elicits the fluctuations in atmospheric oscillation which have been modulated by various 
atmospheric effects altering convection in different regions over India. The semi-annual and annual oscillation 
occurring in the atmosphere can be observed through some atmospheric indices. To assess the amplitude and 
frequency of these oscillations, we have used atmospheric index i.e Lifted index over six regions, New Delhi, 
Mumbai,  Kolkata, Hyderabad, Bengaluru and Chennai  for the duration January 1996 to December 2016. To extract 
information we have implemented Singular Spectrum Analysis which decomposes data and to find amplitude and 
frequency we implemented Fast Fourier Transformation. From FFT it is observed that the annual and semiannual 
amplitudes of Lifted Index of six stations lie between 2°C to 6°C and 1.5°C to 2°C respectively. Kolkata has annual 
amplitude value of 6.041°C and semiannual amplitude value of 3.643°C which are more as compared to other 
stations. Chennai has least annual amplitude value of 2.403°C and Bengaluru has least semiannual amplitude value 
of 1.342°C. Even though Kolkata and Chennai are coastal regions near Bay of Bengal, variation in maximum and 
minimum magnitudes of Kolkata are more as compared to Chennai and hence Kolkata might have more convection 
and precipitation. The results from this study are mostly consistent with the previous studies. A detailed inferences 
of these results are discussed. 
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1. Introduction 

The basis of the atmospheric climate discrepancies over 
different regions in the Earth’s atmosphere is due to solar 
heating of the planet, atmosphere, ocean, land and ice 
responses to heating, difference in pressure and 
temperature consequently persuade in the form of 
precipitation [1,2]. India, being different in geographic 
conditions has diverse climate with various amplitude in 
atmospheric oscillations and precipitations over the 
regions. Indian climate is a dynamical system which is 
also biased by many external factors for instance solar 
radiation, geographical conditions surrounding the regions 
with apparently significant phenomena like cyclones 
overlapping on the regions. Infact, Indian region is 
covered with the Himalayas in northern part and the other 
three sides are covered by oceans thereby influencing a 
range of pressure and temperatures over the region. The 

progress of these atmospheric phenomena are guided by 
many physical principles which can be put carefully in an 
efficient and useful way for wellbeing of nature. These 
effects of climatic changes having significant phenomena  
on annual and semiannual seasons compel to study for 
persisting living things. 

The research on climate variations always played a 
crucial role along with the other scientific disciplines 
imparting important relationship among atmospheric 
parameters with objectives in their study. The enigma of 
the Indian monsoon and its notable regularity over a given 
time interval depart from one region to the other with 
distinguished periodicities [3,4,5]. These periodicities is 
the essence of our study. Few researchers have revealed 
atmospheric oscillations with different techniques and 
with different data. Ramamurthy studied Indian summer 
monsoon with characteristics of active and break spells of 
monsoon rainfall and revealed ISM as intraseasonal 
oscillations within the summer monsoon season [6]. These 
active and break spells of the monsoon are associated with 
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fluctuations of the tropical convergence zone expressed by 
Sikka and Gadgil and also by Yasunari, [7,8]. Mehta and 
Krishnamurti also examined the interannual variability of 
the 30-50 day mode using characteristics of northward 
propagation of the winds at 850 and 200 hPa for the 
period 1980-84 [9]. Singh and Kripalani observed  
30-50 day oscillation in Indian monsoon variation using 
long duration daily rainfall data [10]. Goswami and 
Mohan, studied Intraseasonal Oscillations and Interannual 
Variability of the Indian Summer Monsoon and observed 
annual and semiannual oscillations in zonal winds at  
850 hPa [3]. By knowing all the factors related to 
atmosphere like solar influx, Relative humidity, Pressure, 
Temperature, level of free convection, equilibrium level, 
Lifted, Showalter, K, Total Totals Index, Convective 
Available Potential Energy, Convective Inhibition etc., 
affecting the atmospheric conditions at a given time with 
complete statistical uncertainty details through non 
linearities and instabilities it will be better to predict the 
state of the climate system over the given regions. 

The unpredictable atmospheric conditions having 
different features at different times over different regions 
are furnished through certain noteworthy atmospheric 
instability indices like Lifted index (LI) [11], Showalter 
index (SI) [12], K index (KI) [13], Total Totals index 
(TTI), convective inhibition, CAPE etc [14,15] and few of 
these indices studied by researchers. These indices which 
evolve with all effects within them allows us to interpret 
the linear, regular and non linear variations through 
certain techniques with determined set of amplitudes. 

The atmospheric stability indices bring forth very essential 
features in forecasting and is useful to observe the events 
of instability in the atmosphere at a specific time. In this 
study we have determined frequent occurrences of oscillations 
and the set of amplitudes of annual and semiannual oscillations 
variations using atmospheric lifted index data at six 
different climatic regions over India. LI describes convective 
activity in the atmosphere and a useful forecast means for 
predicting latent instability. Galway on examination of the 
atmospheric soundings data reveals LI is a useful forecast 
tool for the prediction of latent instability [11]. Positive 
values of this index reveals stable atmosphere without any 
convection. Negative values correspond to unstable 
atmosphere guiding towards higher convective activity. 
The range of negative values of LI between −4°C and 
−8°C indicates more convection thereby having chances 
of thunderstorm occurrences. Early investigations explained 
in relation to these four indices were somewhat more or 
less represented. The majority of researcher paid attention 
on the analysis of atmospheric indices either annually or 
seasonally or for a particular region. As mentioned above 
that India’s geographical position is diverse in the world 
and require a detail study at one site to get correct picture 
of variation of atmospheric indices as a whole. 

This paper presents data availability, data description, 
its quality checks, materials and methods in section 2 and 
results pertaining to this study in section 3. 

2. Data, Materials and Methods 

The data collected in the present study for  
the above mentioned index from Integrated  

Global Radiosonde Archive (IGRA) available at 
(https://www.ncei.noaa.gov/pub/data/igra/data) for the 
duration January 1996 to December 2016. The data 
description and analysis on data have been performed 
quality checks and used by many researchers 
[16,17,18,19]. In this study we have selected six stations 
New Delhi, Mumbai, Kolkata, Hyderabad, Bangalore and 
Chennai over India. The available profiles and excluded 
dataset were mention in the below Table 1. There were 
data gaps which are within the month for New Delhi, the 
data gaps were not found to be significant for monthly 
mean data set with respect to span of (21 years X 12 
months) the data [19] and for the remaining station we 
have studied annual and seasonal oscillations only for the 
available monthly mean data and for the continuous 
duration. For the daily IGRA data, we have calculated 
daily mean and mean for every month for all year and for 
all the stations. To observe seasonal oscillations in daily 
mean data we have implemented Singular Spectrum 
Analysis (SSA) method and applied Fast Fourier 
transformation (FFT) technique to observe frequency and 
amplitude in the oscillations. 

Singular Spectrum Analysis (SSA) is a non-parametric, 
comparatively quite recent and indepth technique for time 
series analysis and prepared with the purpose of extracting 
oscillations, detrending in time series and to remove 
obstructions in suitable many existing problem which is 
functional to several sensible like signal and noise 
processing [20,21]. This method is widely used in many 
applications such as signal processing which provides 
qualitative and quantitative information about the 
deterministic parts of the system in time series with noise, 
Vautard and Ghil [22]. The behaviour and features of SSA 
like window length, sampling interval and length of 
samples have been implemented. Vautard and Ghil also 
describe that the results of SSA which extract vital 
components and spectral characteristics are useful for the 
interpretation of data set. Sharma et al., calculated low 
dimensionality using SSA while studying global 
magnetospheric dynamics [23]. The relation between 
Indian monsoon, the North Atlantic ocean (NAO) and the 
Southern Oscillation Index for Tropical Pacific 
investigated with spectral peaks using SSA by Yizhak 
Feliks, Andreas Groth, Andrew W. Robertson and 
Michael Ghil [24]. Using SSA method the time series can 
be decomposed into trends, different oscillations and noise 
by Ghil et al., [25]. The singular spectrum analysis (SSA) 
is useful to analyse time series data of many disciplines in 
which the data is decomposed into orthogonal components 
which exhibits trends and oscillatory patterns 
[20,21,25,26]. In general oscillations having frequency, 
phase and amplitude modulated are superimposed with 
each other and using this SSA method we are extracting 
annual and semiannual oscillations from seasonal time 
series signal. The outcome of this work is practicable and 
harmonizing in pulling out required information from the 
time series and constructive way to interpret oscillations in 
lifted index for six different regions and to demonstrate 
SSA method. These extracted different oscillations should 
be distinguished in order to recognize the essential 
features in environmental and atmospheric processes. To a 
large extent we have focussed in understanding seasonal 
signals that are coupled with several resources. 
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Table 1. The available dataset description of six stations (1) New Delhi, (2) Mumbai, (3) Kolkata, (4) Hyderabad, (5) Bangalore and (6) Chennai 

Sl. No. Latitude and Longitude Number of profiles available Number of profiles used Excluded monthly mean Data for the Years 

1 28.58 
77.2 14529 14232 Nil 

2 19.12 
72.85 11900 9085 2012,2013 

3 22.65 
88.45 11917 9603 2007,2009 

4 17.45 
78.47 9795 5482 1999, 2007, 2009, 2010, 2012 to 2015 

5 12.97 
77.58 9611 7275 2006, 2010, 2012 to 2015 

6 13 
80.18 11964 9628 2010,2012,2015 

 
The algorithm of SSA includes the different stages, 

they are (a) Construction of covariance or trajectory 
matrix (b) calculating SVD (c) Grouping of SVD  
(d) Reconstruction of covariance matrix. There were few 
processes in SSA method. The first process is arranging 
the given time series into covariance matrix or 
Hankelisation. Let us take a time series TN = (f0, . . . , fN−1) 
of length N which is sum of several unknown, irregular 
but identifiable oscillations. While converting a time 
series into trajectory matrix we use window length L. By 
using window length L (1 < L < N) we construct K = N − 
L + 1 lagged vectors Xi = (fi−1, . . . , fi+L−2), where 1 ≤ i ≤ 
K, and constructed trajectory matrix X = [X1 : . . . : XK], 
which is also called Hankel or Covariance matrix whose 
diagonal elements remains same. The eigen values and 
eigen vectors of this Covariance matrix were calculated. 
Using these eigen values and eigen vectors we calculate 
principal components and finally computed reconstructed 
components from the decomposed time series as described 
by many researchers [20,21,22,25,26,27,28,29]. 

Initially we observe seasonal component for daily mean 
LI raw data for New Delhi regions and for the above 
mentioned duration. Observed periodicities in LI for the 
six regions. Next we have applied SSA to decompose and 
to find reconstructed components and then applied FFT to 
the reconstructed components. The time series of LI of 
New Delhi for the duration January 1996 to December 
2016 is examined by taking window length of 360 days 
for daily mean data, window length of 12 and 120 months 
for monthly mean data. Selection of window length 
depends on the data and the aim of accomplishment of 
analysis [20,21,30]. In general the window length is taken 
half the total data length (L) and smoothing of the series 
can be performed with small values of L [30]. In this study 
we have selected window length (L=12 and 120 for 
monthly mean and 360 for daily mean) to extract a 
periodic component with known period,  which are  very 
small as compared to the dataset but multiples of periodic 
components as we are looking only for annual and 
semiannual oscillations. The window length L=360 is 
taken for daily mean only to observe smoothness of the 
first RCC. The eigenvalue spectra for window length 
L=12 and 120 have been calculated for monthly mean data 
of New Delhi for the above mentioned duration. The 
eigenvalue spectra for two window length have been 
depicted for different modes to observe its contribution for 
trajectory matrix. When more eigenvalues are added the  
 

cumulative percentage of variance increases and for five 
eigenvalues we have observed 90% of contribution for the 
covariance matrix. Extracted trend component and noise 
from reconstructed matrix.  

3. Result and Discussion 

Daily mean and its first reconstructed components 
(RCC) of New Delhi LI for the duration January 1996 to 
December 2016 is depicted as shown in Figure 1. From 
Figure 1 it is noticeable that the first RCC calculated using 
SSA shows annual oscillation but with low amplitude. It is 
also observed that the calculated first five RCC of SSA is 
shown in Figure 2 and is apparent that the sum of first five 
RCC’s were put up in close to the daily mean data 
indicates that each RCC is the harmonic having different 
amplitude and frequency. The daily mean data is used to 
observe how far the SSA’s RCC smoothens the data. In 
this study we have retrieved these harmonics using  
SSA and investigated the possibility of their amplitudes. 
Using this method we have extracted and identified the 
core patterns in the data in the order of decreasing 
amplitudes. 

In this SSA method the time series is embedded to 
make covariance matrix by using different window 
lengths L. The eigen values and eigen vectors, principal 
components and reconstructed components have been 
calculated for this covariance matrix. The eigenvalues 
calculated using covariance matrix are arranged in 
decreasing order. These eigenvalues represents the 
variance of the data set relating to eigenvector which 
explains more values of eigenvalue has more  variance for 
that specific component [22]. First two eigen values are 
nearly equal and periodic observed by Plaut and Vautard 
[31]. Schoellhamer used SSA method to obtain spectral 
estimates [29]. Furthermore Ghil, Allen, Dettinger, 
Kondrashov, Mann, Robertson, Saunders, Tian, Varadi, 
and Yiou anticipated in selecting window length in order 
to extract information in series [26]. In this study we have 
taken three window lengths in spectral point of view. One 
for daily mean data, the window length is 360 data points 
to observe smoothness of RCC components which is 
depicted in Figure 1 and the other two for monthly mean 
data whose window length is 12 and 120 data points to 
observe annual and semiannual periodic components 
which is depicted in Figure 5 and Figure 9. 
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The core function of  SSA is decomposition of the time 
series into several periodic components, trend and noise 
[20]. It is based on the singular value decomposition of a 
trajectory matrix constructed with the data set. For the 
daily mean with L=360 we have observed first RCC, which 
contributes only feeble amount of covariance matrix, as 

the trend which can be noticed in Figure 1. We have  also 
observed that the sum of five reconstructed components of 
series, which contributes about 60% of covariance matrix, 
which is in close resemblance to the oscillations of the 
data which is shown in Figure 2. The eigenvalue spectra 
for daily mean series is not depicted here. 

 
Figure 1. Raw data of Daily mean Lifted Index in blue dotted and First RCC of SSA in thick green colour of New Delhi station 

 
Figure 2. Raw data of  New Delhi Daily mean Lifted Index in blue dotted curve and Sum of First five RCC of SSA in thick red colour. The values on y-
axis are (0, 10, 20 and 30) along positive and (-10, -20 and -30) along negative side and the values on x-axis are integers in days. 
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Figure 3. FFT Spectra  of New Delhi (a) Daily mean LI raw data and (b) Daily mean LI first RCC 

 
Figure 4. FFT Spectra  of New Delhi Daily mean LI (a) Sum of First five components (b) first RCC (c) second RCC (d) third RCC (e) fourth RCC and 
(f) fifth RCC 

The daily mean LI raw data of New Delhi is applied to 
FFT and observed annual and semiannual periodicities as 
depicted in Figure 3 in which frequency per year on x-axis 
and amplitude on y-axis. It is observed that there are two 
significant peaks, one at frequency of 1 per year with 
amplitude 6.722°C which indicates annual period and 
second at frequency of 2 per year with amplitude 2.127°C 
which indicates semiannual period. 

From reconstructed components for the daily mean data 
it is observed that there are different components having 

different frequencies. These different frequency components 
have been extracted and detected periodicities by applying 
FFT. 

The FFT spectra of sum of first five RCC’s daily mean 
LI is depicted in Figure 4a. From Figure 4a it is clearly 
evident that there are two significant peaks, one at frequency 
1per year and second at frequency 2per year and it can be 
noticed that the second component has low amplitude. 
From this we can conclude that semiannual oscillations 
could be in the first five RCC components. It is also noted 
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that the first five individual RCC’s FFT spectra are shown 
in Figure 4b to Figure 4f. From this figure it is evident that 
the amplitudes are decreasing. From Figure 4b and Figure 4c 
the frequencies are 1 per year with decreasing amplitude. 
From Figure 4b and Figure 4c it can be concluded that there 
were two annual oscillations which are coupled having 
different amplitude. Similarly from Figure 4d and Figure 4e 
the frequencies are 2 per year with decreasing amplitude, 
indicating that there were lower amplitude semiannual 
oscillations present in the lifted index. Similarly from 
Figure 4d and Figure 4e it can be concluded that there 

were two semiannual oscillations which are coupled 
having different amplitude. From Figure 4f it is observed 
that there are three peaks with lower frequencies less than 
0.5 per year. It can concluded that the oscillations having 
frequencies less than 0.5 per year might be due to local 
regional influence in the atmosphere.  

Applied SSA with window length L=12 for monthly 
mean data in order to decompose and find periodic 
components. Figure 5 shows monthly mean data and its 
first RCC and Figure 6 shows monthly mean data and its 
sum of first four RCC’s.  

 
Figure 5. Monthly mean Lifted Index data of  New Delhi in blue curve and First RCC of SSA in thick red colour for the window length 12 

 
Figure 6. Monthly mean Lifted Index data of  New Delhi in blue curve and Sum of First four RCC of SSA in thick dotted red colour for the window 
length 12 
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Figure 7. Comparisons of eigen values in percentage plotted in decreasing order for L=12 of covariance matrix for the monthly mean lifted index of 
New Delhi for the duration Jan 1996 to Dec 2016 

The covariance matrix generated from the data set  
using SSA by window length can be approximated using 
singular value decomposition and by making use of 
RCC’s, which has more contribution to the trajectory 
matrix, we can extract trend in the data set [20,22]. In this 
study we have applied SSA with L=12 for the monthly 
mean lifted index to all stations for the available data in 
the duration Jan 1996 to Dec 2016. Here we have depicted 
the sum of first four RCC’s having more contribution for 
the covariance matrix for New Delhi as shown in Figure 6. 

The eigen values of covariance matrix with L=12 for 
the monthly mean lifted index of all stations for the 
mentioned duration have been calculated. The first four 
eigenvalues has nearly 80 to 90% contribution to the 
covariance matrix. The first four eigenvalue’s relative and 
cumulative contribution in percentage were tabulated in 
Table 2. The eigen values of covariance matrix with L=12 
for the monthly mean lifted index of New Delhi for the 
mentioned duration is depicted in Figure 7. From this 
Figure 7 it is observed that the first two eigen values are 
nearly equal and sum of first four eigen values contributes 
upto 92% of the total variation of the series. Here we have 
shown figure of eigen value spectra only for the New 
Delhi but the remaining stations also has the similar 
variation upto 12 eigen values which are tabulated only 
for four eigenvalues in Table 2. From Table 2 we have 
observed that the first two eigen values has more relative 

contribution as compared to third and fourth. 
The FFT is applied to sum of four RCC’s and 

individual RCC’s decomposed from SSA of monthly 
mean of LI of New Delhi which is depicted in Figure 8. It 
is observed that the annual and semiannual periodicities 
have different amplitudes. Comparing the daily mean we 
have noticed similar patterns for monthly mean data which 
is shown in Figure 8a to Figure 8d. It is noticed even in 
monthly mean data there is no difference in amplitude and 
frequency. And also observed annual and semiannual 
periodicity in remaining stations with similar pattern but 
not shown in this study. The FFT applied to sum of four 
RCC’s of monthly mean of LI of six stations were also 
shown in Figure 9. It is observed that Kolkata has more 
amplitude value of 6.041°C in annual oscillation and 
semiannual amplitude value of 3.643°C as compared to 
other stations. The amplitude values from FFT spectra of 
monthly mean LI of six stations have been tabulated in 
Table 3. Among annual amplitudes Chennai has least 
annual amplitude value of 2.403°C and Bengaluru has 
semiannual amplitude value of 1.342°C which is a low 
value as compared to other stations. The FFT spectra of 
daily mean LI of New Delhi is shown in Figure 4 and 
monthly mean LI is shown in Figure 8. When compared to 
daily mean LI and monthly mean LI of New Delhi there is 
slight variation in amplitude due to variation in 
eigenvalues. 

Table 2. The relative and cumulative percentage Contribution of eigenvalues of six stations (1) New Delhi, (2) Mumbai, (3) Kolkata, (4) 
Hyderabad, (5) Bangalore and (6) Chennai 

Sl. No. Eigen 
value 1 

Eigen 
value 2 

Eigen 
value 3 

Eigen 
value4 

Cumulative 
 

1 41.43 41.37 4.76 4.65 92.21 

2 36.58 36.30 7.32 7.29 87.49 

3 34.80 34.69 11.74 11.72 92.95 

4 34.41 33.66 7.75 7.36 83.1 

5 36.62 36.49 7.46 7.33 87.90 

6 28.94 28.67 13.24 13.00 83.85 
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Figure 8. FFT Spectra decomposed from SSA of New Delhi Monthly mean LI (a) Sum of First four components (b) first RCC (c) third RCC and  
(d) fifth RCC 

 
Figure 9. FFT Spectra  of Monthly mean LI of six stations 
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Table 3. 

S.No Stations Annual Amplitude Semiannual Amplitude 
1 New Delhi 5.657 1.852 
2 Mumbai 4.252 1.597 
3 Chennai 2.403 1.485 
4 Bengaluru 2.755 1.342 
5 Hyderabad 3.675 1.482 
6 Kolkata 6.041 3.643 

 
The SSA is also performed for the window length 120 

which is near to half of total data length and depicted the 
RCC’s and eigenvalue spectra in Figure 10 and Figure 11 
respectively for monthly mean lifted index of New Delhi. 

Figure 10a shows monthly mean lifted index in blue and 
the first RCC in red curve whose eigenvalue contributes 
nearly 40% to the covariance matrix indicating the trend 
of the data. Figure 10b shows sum of the first five RCC’s 
in red curve indicating more than 90% contribution of 
eigenvalues in reconstruction. Figure 10c shows the noise. 

The percentage contribution of eigenvalues to the 
trajectory matrix with L=120 for monthly mean lifted 
index of New Delhi is depicted as shown in Figure 11. It 
is observed that even with L=120 only the first five RCC’s 
has more contribution with respect to the remaining. We 
have observed similar pattern of eigenvalue spectra for the 
remaining stations but not shown here. 

 
Figure 10. Analysis of the raw data of  New Delhi monthly mean Lifted Index in blue curve and Sum of First four RCC of SSA in thick dotted red 
colour for the window length 120 (a) First RCC (b) Sum of First five RCC in red (c) Noise 

 
Figure 11. Contribution of eigen values in percentage for the L=120 of covariance matrix depicted only for 12 modes of eigen values for the monthly 
mean lifted index of New Delhi for the duration Jan 1996 to Dec 2016 
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4. Conclusion 

The time series can be decomposed into different 
components having different frequencies using SSA 
method by selecting proper window length. The eigen 
values and eigen vectors have been calculated to 
reconstruct components. It is also observed that the two 
consecutive eigen vectors are orthogonal to each other. 
Observed trend showing annual periodicity in the first 
RCC. Observed only the first five eigenvalues has more 
contribution to the trajectory matrix in the eigenvalues 
spectra for two different window length. The sum of first 
five RCC’s of both daily and monthly mean nearly 
resembles the raw data have been depicted. From FFT 
spectra of daily, monthly mean, sum of first five RCC’s 
and individual RCC’s annual and semiannual periodicities 
have been observed. Observed significant differences in 
amplitudes of annual and semiannual oscillations in LI 
between regions related to the same coastal influence.  
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