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Abstract-Spatial and temporal analysis of rainfall data were 

carried out along with wavelet analysis for seven rain gauge sites 

of Kosi basin, India during the time period from 1985 to 2017. 

Wavelet spectrum analysis and wavelet coherence analysis were 

performed to fully characterize the time-frequency rainfall 

variability of the rain gauge data in these areas. For all the 
selected gauge stations during the study period, the peak value of 

the wavelet power spectrum was identified for the 8-16 month 

band. The results of wavelet spectrum analysis reveal a good 

correlation of rainfall data in the rain gauge sites lying in the 

southwest of the Kosi basin. The spectrum analysis also 

differentiates the wet and dry periods and it was observed that in 

the majority of the selected sites, a dry period occurred from the 

year 2005 onwards. This was again confirmed with breakpoint 

analysis. The wavelet coherence analysis explicit is a good 

correlation between the rain gauges in the study area. Overall, 

the variability of the rainfall parameters was more vivid with the 

wavelet analysis and this can be extended to other climatological 
parameters. 
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rainfall analysis 

I. INTRODUCTION  

The extremes of precipitation and its patterns are affected 
by various climatic factors and the circulation patterns in the 
atmosphere [1-4]. Non-stationary techniques to analyze the 
variation of rainfall with respect to time and space were used in 
[5]. The climate is mathematically defined as the weather 
conditions for a period of 30 years in a particular region, 
however it is not defined for a specific duration. The weather is 
defined on daily basis and is a non-linear dynamic system of 
the atmosphere whereas climate is considered to be the average 
form of weather [6]. There is a huge impact of the rainfall 
variation to the agricultural output in India which thereby 
adversely affects food security [7], Gross Domestic Product 
(GDP), and inflation [8]. Authors in [9] analyzed the temporal 
variation of precipitation in Shaheed Benazir Abad district by 
using the linear regression method. Rainfall events may cause 
the intensification of frequent extreme events which make the 
area more prone to floods and droughts [10]. Precipitation 
plays an essential role in hydro-climatic studies and daily life 
activities prominently in developing countries [11, 12]. Authors 
in [13] focused on models to assess rainfall distribution in 

Kelantan, Malaysia. Authors in [14] focused on drought 
frequency and its intensity in the past decades over Asia and 
Africa. Higher changes in precipitation events may cause 
increase in the span of drought periods [15]. The pattern and 
trend of long term precipitation extreme events are essential in 
the Kosin basin area which is highly prone to hazardous floods 
[16]. The economy and the development are dependent on the 
availability of water resources in the area [16]. 

Wavelet Transforms (WTs) of the hydro-meteorological 
parameters have recently drawn the attention of water resource 
experts. They are commonly used in data analysis and 
modeling [17] of hydrological and meteorological parameters. 
For the modeling of hydrological processes, advanced Artificial 
Intelligence (AI) techniques can act as robust tools [18]. During 
the past decades, it was observed that different AI-based 
models have been applied for time series analysis of rainfall 
data [19]. Authors in [20] used Continuous Wavelet Transform 
(CWT) and the multiscale entropy concept for the time series 
analysis of monthly rainfall data. As similar patterns are 
involved in the rainfall data series and due to the high potential 
of WT in multi-scale analysis of signals, the concept of wavelet 
analysis in the hydro-meteorological field can be used for better 
data pre-processing [21]. The variables are well identified with 
the help of correlation analysis and wavelet coherence [22]. 

In this study, WT was used as it steadily maintains the time-
frequency localization in signal analysis. It also alters the 1D 
time series data into a 2D time frequency image [23]. WT 
analysis is also applied to signals to get detail information, 
which cannot be readily read from the raw signal. The 
objectives of the current study are: (i) to investigate the rainfall 
data periodically and temporally over Kosi basin synoptically 
and (ii) to conduct wavelet coherence analysis between the rain 
gauge stations of Kosi basin in order to check the correlation 
between the rainfall data of the different rain gauge sites for the 

selected time period. 

II. METHODOLOGY 

A. Wavelet Analysis 

This section discusses in detail the analysis of the wavelet 
power spectrum.  

1) Wavelet Transform 
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The time series data can be analyzed at several frequencies 
using the WT [24]. Assuming a time series data set, xn, where n 
varies from 0 to N-1, a wavelet function ��	���  being the 
function of time as parameter ���. The Morlet wavelet involves 
an exponential wave which is modulated by a Gaussian 
envelope as: 

��	��� = �	
/�
����
	��/�    (1) 

where ��  is non-dimensional frequency whereas its value is 
taken as 6 in the present work [25]. To be allowable as a basic 
wavelet, function (1) implies zero mean and is localized in both 
time and frequency spaces.  

For a discrete sequence xn, which is separated by a constant 
interval of time �� , the CWT is defined for xn  as the 
convolution with a translated and scaled form of ��	���. It is 
the product of the wavelet function with the original time series 
and is written as: 

����� = ∑ ����∗ ���
�	� !"
# $%	


��&'     (2) 

where s indicates the wavelet scale which is translating along 
the localized time index n, (*) indicates the complex conjugate, 
and N is the number of points in time series data. Using (2) for 
time series analysis, this basic wavelet function is transformed 
to a new wavelet in time. The scaled wavelets s in (3) is used to 
change the scale [22, 25, 26]:  

� ���
�	� !"
# $ = (!"# )


/�
��	 �
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2) Wavelet Power Spectrum 

Since wavelet function ��	���	 and wavelet transform 
�����	are complex, the WT is divided into a real and an 
imaginary part. The wavelet power spectrum is now defined as 
[�����]2 (detailed description is given in [25]). The parameters 
used for the analysis of rainfall data are �� =1 month, S0=2	��, 
�* =0.25, (shows 4 sub-octaves per octave), j1=7/	�* (7 powers 
of two with �* sub-octaves). 
3) Global Wavelet Power Spectrum 

The global wavelet power spectrum is the square of the 
WT. The time-averaged wavelet spectrum over a period is 
given by: 

��
���� = 


%∑ |�����|�%
�&'     (4) 

4) Scale-Average Time Series 

The time series of scale average is the average variance in a 
certain band. In the present work the selected band is the 8-16 
month band after the analysis. 

B. Wavelet Coherence Analysis (WCA) 

WCA is applied generally in catchment studies, space and 
time analysis, and for model validation. The WCA examines 
the correlation and phase lag between two series of time data as 
a function of both time and frequency [27]. Authors in [28] 
defined wavelet coherence for X(n) and Y(n) as two time series. 
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where S is a smoothing operator and )(sW x

n
and )(sW y

n
 are 

wavelet transforms of X(n) and Y(n) time series. 
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where (*) represents the complex conjugate and )(sW x

n
 is the 

cross wavelet power [17]. The statistical significance level of 
WCA is estimated with Monte Carlo methods. The value of R

2
 

ranges from 0 to 1, and is conceptualized as a localized 
correlation coefficient with time and frequency space. WCA 
for the signal comparison is carried out using the MATLAB 
functions provided by [28].  

III. STUDY AREA AND AVAILABLE DATA 

The Kosi river enters Bihar near Bhimnagar after draining a 
large area in Nepal. The drainage area (~52,731km2) includes 
parts of Tibet, Nepal, and India [29]. The Kosi river is one of 
the most flood-prone rivers in India and is located in north 
Bihar. The study area extends between 25019’18"N - 
26043’30"N latitude and 8704’35"E - 87012’32"E longitude. 
Some major tributaries of the Kosi river are Kamlabalan, 
Bagmati, and Bhutibalan. The Shuttle Radar Topography 
Mission (SRTM) based Digital Elevation Model (DEM) was 
used for the determination of elevation (maximum 109m) of 
the study area. There are 10 districts within the Kosi river basin 
while the degree of slope varies from 0 to 35

o
. The spatial 

variation of rainfall and subsequently its effect in the soil 
erosion in the Kosi river was well studied in [30]. The main 
reason to choose this study area is that it is very vulnerable to 
the adverse effects of floods. 

The teleconnections of the different regions within the 
study area are quite significant, as India has different climatic 
conditions and rainfall patterns [31]. Authors in [32] utilized 
the precipitation data to look into the effects of teleconnections 
on extreme precipitation for a period of 113 years. For the 
current study, the daily rainfall data were collected from India 
Meteorological Department (IMD), Pune for a duration of 33 
years (1985 – 2017) for 6 raingauge stations (Kursela, Galgalia, 
Murliganj, Nirmali, Bhimnagar, and Bahadurganj) and 1985-
2015 for Birpur station [30]. Concentration of rainfall occurs 
high in the monsoon season (from May to October) within the 
study area. The maximum average annual rainfall is 
2,711.95mm obtained in Galgalia, and the least is 1,249.13mm 
in Bhimnagar [30]. 

IV. RESULTS AND DISCUSSION 

A. Wavelet Transform  

The WT is computed with the help of the MATLAB script 
developed in [25]. In Kosi basin, the CWT is performed for the 
monthly data of 7 gauging stations. For the computation of (3), 
δt and s used were 1 month and 2 months (as s = 2δt), 7 powers 
of 2 with 4 sub-octaves per octave and ‘Morlet’ as mother 
wavelet were used. The time series plots of monthly rainfall for 
the 7 gauging stations are shown in Figures 1(a)-7(a) for 395 
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months (1985-2017), except for the Birpur station (1985-2015). 
Figures 1(b)-7(b) show the power (squared absolute value) of 
the WT for the monthly rainfall data. This provides information 
on relative power at a certain scale and it displays the actual 
oscillations of the individual wavelets. Figures 1(c)-7(c) show 
the global wavelet spectrum and Figures 1(d)-7(d) show the 
variance of the power for a particular band of interest for the 
respective stations. 

Figure 1(b) is evaluated for different frequency bands 
varying from 2 to 256 months for Bahadurganj data. The 
figures with color fill show the variation of rainfall in which the 
ranges of power are from weak (deep blue shades) to strong 
(dark red shades). Thus, the time series differences were 
mapped to wavelet region and to various scales. It is worth 
noting that the power is more for the 8-16 month band 
throughout the selected period and it is confirmed with the peak 

in the global wavelet power spectrum (Figure 1(c)). The scale 
average time series of average variance in the 8-16 month band 
is shown in Figure 1(d). The variance plot shows distinct dry 
and wet periods. The power decreases substantially during a 
dry year and maximum power means a wet year [34, 35]. In 
Bahadurganj, wet periods are observed more than dry periods 
throughout the studied duration. Similarly for Figures 2(b)-
7(b), it is clearly visible that the power is more for the 8-16 
month band throughout the selected time duration for all the 
selected sites and it is also confirmed with the peak in the 
global wavelet power spectrum (Figures 1(c)-7(c)). Hence, the 
scale average time series of average variance is plotted for the 
8-16 month band only for the selected time period (Figures 
1(d)-7(d)). In Bhimnagar, a significant wet period is observed 
during the 200-250 week period. However, wet periods are 
observed up to 240 months (from year 1985), with a few 
breakdowns during the months 60-100 in Birpur.  

 

 
Fig. 1.  Bahadurganj station: (a) Time series plot of monthly rainfall. (b) Analysis of the wavelet power spectrum for monthly rainfall data with Morlet as 

mother-wavelet. (c) The global wavelet spectrum (black continuous line) and significance level 5% (broken red line). (d) 8-16 month band scale-average time 
series of wavelet power (black continuous line). The broken red line is the 95% confidence level. 

 
Fig. 2.  Bhimnagar station: (a) Time series plot of monthly rainfall. (b) Analysis of the wavelet power spectrum for monthly rainfall data with Morlet as 

mother-wavelet. (c) The global wavelet spectrum (black continuous line) and significance level 5% (broken red line). (d) 8-16 month band scale-average time 

series of wavelet power (black continuous line). The broken red line is the 95% confidence level. 
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Fig. 3.  Birpur station: (a) Time series plot of monthly rainfall. (b) Analysis of the wavelet power spectrum for monthly rainfall data. (c) The global wavelet 

spectrum and significance level 5%. (d) 8-16 month band scale-average time series of wavelet power. The broken red line is the 95% confidence level. 

 
Fig. 4.  Galgalia station: (a) Time series plot of monthly rainfall. (b) Analysis of the wavelet power spectrum for monthly rainfall data. (c) The global wavelet 

spectrum and significance level 5%. (d) 8-16 month band scale-average time series of wavelet power. The broken red line is the 95% confidence level. 

 
Fig. 5.  Kursela station: (a) Time series plot of monthly rainfall. (b) Analysis of the wavelet power spectrum for monthly rainfall data. (c) The global wavelet 

spectrum and significance level 5%. (d) 8-16 month band scale-average time series of wavelet power. The broken red line is the 95% confidence level. 
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Fig. 6.  Murliganj station: (a) Time series plot of monthly rainfall. (b) Analysis of the wavelet power spectrum for monthly rainfall data. (c) The global wavelet 

spectrum and significance level 5%. (d) 8-16 month band scale-average time series of wavelet power. The broken red line is the 95% confidence level. 

 
Fig. 7.  Nirmali station: (a) Time series plot of monthly rainfall. (b) Analysis of the wavelet power spectrum for monthly rainfall data. (c) The global wavelet 

spectrum and significance level 5%. (d) 8-16 month band scale-average time series of wavelet power. The broken red line is the 95% confidence level. 

In Galgalia, it is interesting to note that in the 8-16 band, 
the average power variance indicates a wet period throughout 
the time period except a few breakdowns during 240-260 and 
300-320 months (Figure 4(d)). In Kursela (Figure 5(d)), a wet 
period is observed until 280 months and after, until the end of 
the studied duration, a continuous dry period is observed. 
Similarly in Murliganj (Figure 6(d)) and in Nirmali (Figure 
7(d)) a continuous dry period is observed after 240 and 280 
months. It is concluded from the wavelet power spectrum 
analysis for all the selected gauging stations for the selected 
time period shows that maximum power spectrum is observed 
in the 8-16 band. A similar observation in the variance also 
seen towards the southwest of Kosi basin (Kursela, Murliganj, 
Birpur and Nirmali, see Figure 1 in [30]). 

B. Wavelet Coherence Analysis 

Figure 8(a-c) shows the WCA between the Galgalia and 
Murliganj, Galgalia and Birpur, Kursela and Bhimnagar 
stations. It is clearly visible from the Figure that there is a good 
correlation between all the selected sites during the studied 

time period. Even though short breakdowns are visible for 
shorter time periods, the majority shows a very good coherence 
between the signals. This study is also proving the findings of 
[36] that WCA could be a useful tool to detect the relationship 
between rainfall in different sites of the same basin.  

From the above results, it is clear that there is a good 
correlation between the rainfall of the selected gauging stations 
for the selected time period which is averaged and shown in 
Figure 9. It is found that the rainfall months are observed from 
the month of May to October throughout the studied duration 
with peaks during 1985-1990, 1995-2000, and 2000-2005. 
Maximum monthly rainfall reaches 700mm during the selected 
time duration. After 2005, a considerable decrease in the 
rainfall is observed. This is also in accordance with the average 
variance results of the wavelet spectrum analysis. This finding 
can be strengthened by the breakpoint analysis for the basin 
shown in Figure 10. It is found that after 237 months, there is a 
reduction in the mean rainfall from 147.7mm to 116.3mm. 
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(a) 

 

(b) 

 

(c) 

 

Fig. 8.  Wavelet coherence analysis between: (a) Galgalia and Murliganj, 

(b) Galgalia and Birpur, and (c) Kursela and Bhimnagar. 

 
Fig. 9.  Monthly average rainfall over the entire Kosi basin during the 

1985-2017 period. 

V. CONCLUSION 

To study the variability of the rainfall in the Kosi basin, 
wavelet spectrum analysis and wavelet coherence analysis were 
performed. The wavelet spectrum analysis for the monthly time 
series data for all the selected 7 rain gauge stations during the 

1985-2017 period show large power concentration in the 8-16 
month band. This reveals an annual periodicity of events and is 
also confirmed by the peak in the global wavelet spectrum.  

 

 
Fig. 10.  Breakpoint analysis of the monthly average rainfall data of the 

Kosi basin during the 1985-2017 period. 

Scale averaged time series of the selected 8-16 band reveals 
that the regions in the southwest of the Kosi basin show similar 
patterns of dry and wet periods during the studied time 
duration. Wavelet coherence analysis of the rainfall data 
reveals a good correlation between the selected stations. The 
average rainfall data also confirm the considerable reduction in 
the rainfall towards the beginning of the year 2005. Break point 
analyses were also in accordance with the results of the average 
rainfall data and found a breakdown of average rainfall from 
147.7mm to 116.3mm for the selected time duration. 
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