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A B S T R A C T   

Rainfall erosivity is a measure of the erosive force of rainfall which represents the potential of rain to cause soil 
erosion. A large proportion of the total eroded soil in India is due to erosion by water, and rainfall erosivity is one 
of the major components. The current assessments of rainfall erosivity in India are however largely based on rain- 
gauge recordings and surveys which hinders its estimation and understanding over large areas. Growing avail
ability of remotely-sensed gridded precipitation datasets presents an unprecedented opportunity to study long- 
term rainfall erosivity over varied terrains and address some of the limitations of point data-based estima
tions. In this study, multiple national and global gridded precipitation datasets were utilized to develop a high- 
resolution rainfall erosivity factor (R-factor) map to highlight areas prone to rainfall-induced erosion. Further, a 
large selection of empirical equations from literature were employed for estimating rainfall erosivity to provide a 
comparative analysis of these commonly adopted methods. The calculated rainfall erosivity is also compared 
with alternative methods to estimate R-factor such as Fournier Index (FI) and Modified Fournier Index (MFI). It 
was observed that MFI is highly correlated with rainfall erosivity, and an equation was finally proposed to es
timate R-factor using MFI. This is the first such national-scale assessment of rainfall erosivity over India using 
gridded precipitation datasets, which will aid in understanding and mitigating rainfall-induced erosion.   

1. Introduction 

Soil erosion which is also called the ‘creeping death of the soil’ is a 
global problem (Tripathi and Singh, 1993). India is facing soil erosion 
problems in sectors such as reservoir siltation, soil-degradation and in 
agricultural sectors mainly. The upmost layer which is also the most 
fertile layer of the soil, is also most exposed to erosion induced by water 
(Lukić et al., 2019; 2018). Rainfall erosivity also known as rainfall- 
runoff erosivity factor is one of the contributing factors to the Univer
sal Soil Loss Equation (USLE) (Wischmeier and Smith, 1978) as well as 
the Revised Universal Soil Loss Equation (RUSLE) (Renard et al., 1997), 
which is used to estimate long term average soil loss. This study per
forms a comprehensive estimation of rainfall erosivity over India as well 
as establishes new empirical equations suitable for field applications. 

Apart from classical models such as USLE and RUSLE, several large- 

scale soil erosion models have also been used at continent level to es
timate soil erosion (Bosco et al., 2015; Morar et al., 2021; Panagos et al., 
2015b). Soil erosion models play a significant role in the planning and 
implementation of soil management strategies (Lukić et al., 2019; Pan
agos et al., 2015a). The potential ability of rainfall to erode soil is termed 
rainfall erosivity (Wischmeier, 1959), which is one of the best indicators 
(Renard et al., 1991) to measure the erosive potential of rainstorms for a 
particular duration. When a rainfall droplet falls on the soil surface it 
exhibits forces on the surface, and if the forces applied exceed the 
cohesive forces between the soil particles, the movement of soil particles 
start (Bryan, 2000). Studies highlighted rainfall erosivity as a key factor 
to investigate natural hazards such as landslides and floods as it is one of 
major root-causing reasons for these hazards (Capolongo et al., 2008; 
Diodato, 2004; Nazzareno et al., 2015). Ideally, the R-factor should be 
estimated using high-resolution with 1–5-minute interval precipitation 
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records (Williams and Sheridan, 1991) but such datasets are not avail
able in most parts of the world for long-enough periods. So, half-hourly 
or hourly data has been widely used for the estimation of the rainfall 
erosivity factor using the kinetic energy-rainfall intensity principle 
(Padulano et al., 2021; Panagos et al., 2017). The rainfall erosivity factor 
(Annual R-factor) is one of the factors of the widely adopted RUSLE 
(Revised Universal Soil Loss Equation) model, and calculated for a 
minimum period of 20 years as the average of the sum of the rainfall 
erosivity factors for every year (Vantas et al., 2019). Proper measure
ment of both rainfall intensity and kinetic energy is required to get an 
accurate estimation of the R-factor, but it is very difficult to record 
rainfall kinetic energy directly as the instruments required are costly, 
and the measurement of the drop size distribution of the rainstorm is an 
inconvenient method (Dash et al., 2019; Fornis et al., 2005). There are 
numerous mathematical empirical relationships (linear, polynomial, 
logarithmic, exponential, and power-law functions between rainfall in
tensity and kinetic-energy) to estimate the kinetic energy of a rainstorm 
(Rosewell, 1986). Dash et al. (2019) collated fourteen empirical equa
tions to estimate kinetic energy developed by researchers across the 
world from which they used only six for their study because of their 
universal application (Dash et al., 2019), the same six equations were 
adopted in this study. 

The R-factor is highly sensitive to the method used to estimate EI30 
(R-factor for 30-minutes rainfall intensity) and the amount of I30 (30- 
minutes rainfall intensity) (Catari et al., 2011), but if I30 value records 
are not available, then other forms of intensity estimation are used (I5, 
I10, I15, I40, I60) (Sharifah et al., 2006; Sinzot et al., 1989; Usón and 
Ramos, 2001). There are contradictory points of view on the selective 
use of these intensities (Zheng and Chen, 2015). In Eastern Ghats of 
India, Dash et al., (2019) and Rajbanshi and Bhattacharya (2020) 
emphasized that if we use hourly rainfall intensity data (I60) instead of 
half hourly (I30), it underestimates the value of the R-factor by 23.4% 
while Lobo and Bonilla (2015) pointed out in their study that the R 
factor estimated using I60 gives a value less than 10% as compared to 
that of I30. The R-factor computation using I30 and I60 rainfall data are 
also known as EI30 and EI60, respectively. In this study, I60 will be 
considered as I30 due to inaccessibility of sub-hourly data at national 
scale. 3-hourly precipitation product (TMPA 3B42) has been used to 
estimate rainfall erosivity factor for Africa (Vrieling et al., 2010). They 
had used 3 hourly rainfall value as the value of I30, although I30 would 
be higher than the mean precipitation intensity during 3 h (Vrieling 
et al., 2010). 

Spatial variation in the R-factor is not certain in comparison with the 
spatial variation of rainfall as it occurs in Indian conditions (Tiwari 
et al., 2016). The R-factor can also be computed using indices such as 
Fournier Index (FI) and Modified Fournier Index (MFI) when high- 
resolution precipitation datasets are unavailable (Pandey et al., 2007; 
Prasannakumar et al., 2011). MFI has been used to assess rainfall 
erosivity and its relationship with other climatic variables which lead to 
estimate disastrous erosion (Lukić et al., 2016; Morar et al., 2021). All 
the studies performed in the Indian context thus far have been based on 
gauge-based precipitation records. The average annual R-factor for 
Kerala state was computed as 151.466 MJ cm/ha/h/yr for years 
2004–2008 (Prasannakumar et al., 2012), but variation in the R-factor 
was reported at the nearby locations in the same state as 3.16 MJ cm/ 
ha/h/yr for the years 2005–2008 (Prasannakumar et al., 2011). In 
Arunachal Pradesh also such type of variation was reported. Dabral 
et al., (2008) considered average annual R-factor for the state as 189.46 
MJ cm/ha/h/yr, but Rawat et al., (2013) experimentally estimated the 
annual R-factor as 974.77 MJ cm/ha/h/yr with standard deviation of 
160.16 MJ cm/ha/h/yr. 

Theoretically, Tiwari et al., (2016) estimated the R-factor for 52 
gauge stations and later interpolated over whole India. Dash et al., 
(2019) also mapped rainfall erosivity for Eastern Ghats of India using 
gauge-based precipitation and the annual R-factor varied from 3040 to 
10127 MJ-mm/ha/h/yr with standard deviation of 1981 MJ-mm//ha/ 

h/yr. A global R-factor map was created by Panagos et al., (2017) 
covering a total of 87 countries of the globe considering high resolution 
datasets of 1675 rainfall stations. They also mapped the R-factor for 
India considering hourly rainfall dataset of 247-gauge stations for an 
average seven years (2007–2015) and interpolated the results to get the 
rainfall erosivity map at 30 arc seconds (~1km). 

In this study, for the first time, multiple gridded precipitation data
sets were used to calculate rainfall erosivity over India. The R-factor was 
calculated for a minimum period of 20 years to counter the uncertainties 
and biasness raised due to wet and dry seasons (Vantas et al., 2019). 
Although gauge-based rainfall provides accurate records of the occurred 
precipitation, it has limitations due to poor spatial coverage in many 
parts of the globe (Kidd and Huffman, 2011; New et al., 2001), and 
gauge data alone are not sufficient to for many hydrologic simulations 
(Kotlarski et al., 2019; Villarini and Krajewski, 2008). Gridded precip
itation has its own limitations depending upon the source and mode of 
the derivation of the data and also due to the intrinsic differences in 
spatial scales (Chen et al., 2008; Shen et al., 2010; Tapiador et al., 2012; 
Xie et al., 2007). 

The objectives of this study were to create a R-factor map for India 
using high resolution gridded precipitation data, highlighting the 
rainfall-erosivity-prone areas and analyzing the sensitivity of the 
method chosen to estimate rainfall erosivity over India. This will be the 
first such national-scale assessment of rainfall erosivity over India using 
gridded precipitation. Agricultural experts as well as soil conservational 
experts could apply the rainfall erosivity map to incorporate safety 
measures to minimize soil erosion. 

2. Material and methodology 

2.1. Study area 

Our study covers the entire political boundary of India. India is the 
seventh-largest country in the world and is surrounded by three major 
oceans - Arabian Sea, by the Indian Ocean, and the Bay of Bengal. Its 
diverse climatic conditions range from deserts in the west, glaciers in the 
north, humid tropical forests in the southwest, and many islands in the 
Arabian Sea and the Bay of Bengal. The nation’s tropical climate is 
classified into four main seasons i.e., monsoon, post-monsoon, summer, 
and winter as per the India Meteorological Department (IMD). The 
Ganga and Brahmaputra delta covers most of the middle, northern, and 
eastern parts of the country while the southern part is covered by the 
Deccan Plateau. Indian climate is dominated by the monsoons which is 
transited to wetter regimes from drier regimes. The average precipita
tion recorded in the southwest monsoon (June to September) is 877.2 
mm, which is almost 74% of the annual precipitation i.e., 1182.8 mm 
(Singhvi, 2014). The distribution and intensity of the monsoon rainfall 
has been highly variable in spatial and temporal aspects. It has been 
reported that a 20–30% variation from the mean rainfall leads to haz
ards such as droughts and floods in the Indian subcontinent (Singhvi, 
2014). The lowest and highest average yearly rainfall was recorded at 
Jaisalmer (130 mm) and Mawsynrum (near Cherrapunji, 11410 mm) 
respectively considering data from 1870 to 2010 (Singhvi, 2014). 
Rainfall erosivity which is solely derived from the rainfall intensity 
datasets, and rainfall pattern is directly related to these climatic prop
erties. Since Indian climate is diverse in nature, and climate change has 
been spotted nationwide in the past decades, a relatively longer duration 
rainfall period should be incorporated to estimate R-factor. Climatic 
properties have adversely affected the rainfall pattern throughout the 
nation. So, a relatively longer duration rainfall datasets have been used 
(greater than20 years) to counter the uncertainties and biasness raised 
due to change in climatic properties especially due to wet and dry sea
sons as suggested by Vantas et al., (2019). 
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2.2. Data acquisition and preparation 

For mapping of the R-factor over India, gridded datasets were used. 
Three sets of gridded precipitation datasets were utilized for this study -. 

a) Hourly IMDAA (Indian Monsoon Data Assimilation and Analysis). 
b) Daily IMD (India meteorological Department). 
c) Daily CHIRPS (Climate Hazards Group InfraRed Precipitation with 

Station data). 
The IMD daily gridded precipitation is a rain-gauge-derived product 

(Pai et al., 2014), CHIRPS daily is a satellite-gauge merged product 
(Funk et al., 2015), and IMDAA hourly is a reanalysis product derived 
from historical rain-gauge station datasets (Indirarani et al., 2021). 
These three datasets were used in the current study to cover the mode 
and source of derivation of different gridded precipitation products and 
its relationship with rainfall erosivity in the Indian context. The speci
fications of the gridded datasets used for rainfall erosivity estimation are 
listed in Table 1. 

2.2.1. IMDAA hourly 
The association of National Centre for Medium Range Weather 

Forecasting (NCMRWF), India, Met Office, UK, and the India Meteoro
logical Department (IMD) for the National Monsoon Mission (NMM) 
have launched a high spatio-temporal resolution historical data assim
ilation product i.e., IMDAA (The Indian Monsoon Data Assimilation and 
Analysis) (Indirarani et al., 2021) having 12 km spatial and 1 h temporal 

resolution for 40 years (1979–2018) for the National Monsoon Mission 
(NMM) funded by the Ministry of Earth sciences, Government of India. 

The IMDAA system is based on the Met Office four-dimensional 
variational assimilation scheme (4DVAR) (Rawlins et al., 2007) and its 
Unified Model (Davies et al., 2005). To cover the areas necessary for the 
development of Indian Monsoon, the domain of the model is extended 
wider than the Indian subcontinent. The system uses a 6-hour inter
mittent DA cycle. Horizontal resolution of the model is approximately 
12 km while 63 vertical levels are reaching to a height of about 40 km. 
This model takes global reanalysis ERA-Interim as lateral boundary 
conditions for the reanalysis run and sea surface temperature is incor
porated from the Hadley Centre Ice and Sea Surface Temperature dataset 
version 2 (HadISST2) (Titchner and Rayner, 2014). In this study IMDAA 
hourly data will be used as I60 i.e., hourly rainfall intensity for the 
estimation of rainfall erosivity factor as well as FI and MFI indices. 

2.2.2. CHIRPS daily 
Climate Hazards Center University of California, Santa Barbara 

launched CHIRPS (Climate Hazards Group InfraRed Precipitation with 
Station data) version 2.0 final gridded daily data having 0.05-degree 
spatial resolution. 39 years (1981–2019). CHIRPS was developed to 
support the International Development Famine Early Warning Systems 
Network (FEWS NET) by the United States Agency (Funk et al., 2015). 
CHIRPS data was built using the Tropical Rainfall Measuring Mission 
Multi-satellite Precipitation Analysis version 7 (TMPA 3B42 v7) 

Table 1 
The selected gridded datasets to estimate rainfall erosivity factor over India with their specifications.  

Product Full Name Spatial 
Resolution 

Temporal 
Resolution 

Time period Format Providing Agency 

IMD Gridded daily Indian Metrological Department Long-term 
Daily Gridded Precipitation 

0.25◦ x 0.25◦ 1-day 1901–01-01 to 
2019–12-31 

netcdf IMD, Ministry of Earth Sciences 
Govt of India  

CHIRPS-2.0 
Global_daily 

Climate Hazards Group InfraRed 
Precipitation with Station data 

0.05◦ x 0.05◦ 1-day 1981–01-01 to 
2019–12-31 

netcdf UC SANTA BARBARA Climate 
Hazards Center 

IMDAA 1-Hourly The Indian Monsoon Data Assimilation and 
Analysis reanalysis 

0.12◦ x 0.12◦ 1-hour 1979–01-01 to 
2018–12-31 

netcdf NCMRWF, Ministry of Earth 
Sciences Govt of India  

Fig. 1. Methodology for computing rainfall erosivity.  
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(Huffman et al., 2007) which was based on the approaches used in 
thermal infrared (TIR) precipitation products like African Rainfall 
Climatology or the University of Reading’s TAMSAT African Rainfall 
Climatology And Time series (TARCAT) (Abram et al., 2008; Maidment 
et al., 2014; Tarnavsky et al., 2014), National Oceanic and Atmospheric 
Administration’s (NOAA’s) Rainfall Estimate (RFE2) (Love et al., 2004; 
Xie and Arkin, 1997), to calibrate global Cold Cloud Duration (CCD) 
rainfall estimates. CHIRPS also used a ‘smart interpolation’ technique 
built on the approaches incorporated in current state-of-the-science 
interpolated gauge products (Becker et al., 2013; Harris et al., 2014; 
New et al., 1999; Schneider et al., 2014; Willmott and Matsuura, 2009). 

CHIRPS lies somewhere in between merged-gauge-satellite precipi
tation product (RFE2) and highly interpolated rain-gauge based product 
(Global Precipitation Climatology Centre, GPCC)(Becker et al., 2013; 
Schneider et al., 2014; Willmott and Matsuura, 1995; Willmott and 
Robeson, 1995). CHIRPS assimilates station data in a two-phase process, 
yielding two unique products. CHIRPS daily dataset was used for the 
current research work because it blended gauge-satellite precipitation 
estimates that capture the whole world regions with fairly low latency, 
low bias, high resolution and for longer span of time (Funk et al., 2015). 
CHIRPS daily data will be used to calculate the FI (Fournier Index) 
(Fournier, 1960) and MFI (Modified Fournier Index) (Arnoldus, 1977) 
over the study region. 

2.2.3. IMD daily 
IMD (Indian Metrological Department) has compiled and interpo

lated the historical precipitation datasets to create a 0.25-degree high 
resolution gridded precipitation for 119 years (1901–2019) over India, 
which is used in the current study. Data was distributed over the country 
in 135x129 grid points. The first gridded precipitation at daily scale 
having 1◦spatial resolution over Indian region was prepared by Hart
mann and Michelsen, (1989). (Hartmann and Michelsen, 1989; Krish
namurthy and Shukla (2008, 2007, 2000) analyzed this gridded dataset 
to study the interannual and the intra-seasonal variability of precipita
tion over India. IMD produced a high spatial resolution (~25 km) daily 
rainfall dataset for 110 years (1901–2010) over India considering all the 
available quality rain-gauge data throughout the nation (Pai et al., 
2014). IMD daily data will be used to estimate the FI and MFI indices 
over India. 

2.3. Methodology 

Two approaches were adopted for mapping the R-factor over India as 
illustrated in Fig. 1. In the first approach, rainfall erosivity was calcu
lated using high resolution gridded precipitation (I60) with the concept 
that the product of total kinetic energy of a storm to its hourly (hourly 
maximum) rainfall intensity (KE × I60) is expressed as rainfall erosivity 
(R-factor). In the second one, Fournier Index (FI) and Modified Fournier 
Index (MFI) were calculated using daily (IMD and CHIRPS) precipitation 
datasets. These indices were calculated individually and then analyzed 
with the yearly average rainfall erosivity values to check for better 
correlation with R-factor values. Several studies in the past (Tiwari et al., 
2016; Vrieling et al., 2010) have suggested empirical equations to esti
mate yearly rainfall erosivity with the help of precipitation indices such 
as MFI (Tiwari et al., 2016; Vrieling et al., 2010). In this study, a new 
empirical equation was proposed for the estimation of average rainfall 
erosivity using Modified Fournier index as it was highly correlated 
(Pearson correlation 0.83) with the R-factor. Since, IMD has divided 
whole India into four regions depending upon the climate conditions, 
additional equations were derived for each IMD region. ArcMap 10.5 
and Python/Jupyter notebooks were utilized for computation and 
visualization. 

2.3.1. R-factor computation 
In this approach, the rainfall erosivity factor was computed using 

standard equations mentioned by (Wischmeier and Smith, 1978) and in 

the RUSLE user guide (Renard et al., 1994). The R-factor is set equal to 
the average of the summation of the erosivity values for every year’s 
rainfall and defined by the product of an erosive rainfall event’s kinetic 
energy and the maximum intensity of a 30-minute duration rainfall, 
during the rainfall event, known as EI30. In this study, EI60 was used 
instead of EI30 due to inaccessibility of sub-hourly data at national scale. 

First of all, rainfall kinetic energy for each rainfall event was calcu
lated using six empirical equations recommended by Dash et al., (2018) 
due to their global applicability, the details of which are provided in 
Table 2, where I is rainfall intensity and ek is the kinetic energy of the 
event. Using all the six equations (1 to 6) kinetic energy (ek) in MJ/ha/ 
mm was calculated corresponding to the rainfall intensity (i) in mm/h. 

In the next step, total kinetic energy (Ek) per erosive event in MJ/ha 
was estimated by multiplying the kinetic energy per event ek with the 
precipitation amount (pk) in mm captured in that duration using 
equation (7). 

Ek = ek*pk = ek*(i) (7) 

After that, the rainfall erosivity factor (Rk) per erosive rainfall event 
was calculated by multiplying Ek with the corresponding I60 value. In 
this study, I60 (hourly) (in mm/h) rainfall intensity values were used to 
calculate EI60 as R-factor in MJ-mm/ha/h which is shown in equation 
(8). 

Rk = EI60 = Ek*I60 (8) 

Yearly rainfall erosivity (R) in MJ-mm/ha/h/yr value were then 
determined using equation (9), where n is the number of years for a 
particular dataset, here 40 years for EI60, and m is the number of erosive 
events during year j. 

R =
1
n
∑n

j=1

∑m

k=1
Rk (9) 

Intercorrelation analysis has been done among these R-factor maps. 
A rectangular distribution of points with 0.044◦ arc-distance (~5 km) 
incremental in both latitude and longitude covering national boundary 
from (6.84◦ N, 68.28◦ E) to (36.96◦ N, 98.40◦ E) was prepared and the 
values of R-factors were extracted for those points from the calculated 
maps. These extracted values of R-factors were intercorrelated using 
Pearson’s correlation coefficient to get the values of correlation 
coefficients. 

2.3.2. FI and MFI estimation 
In the second approach, two commonly used indices (Fournier index, 

FI and Modified Fournier Index, MFI) to estimate rainfall erosivity factor 
were used. Daily gridded (IMD and CHIRPS daily) precipitation data 
were analyzed to calculate these indices. Fournier featured an index for 
the computation of the aggressivity of rainfall to degrade soil, which is 
known as Fournier index (FI) (FAO, 1977). It is defined as the proportion 
of the square of the wettest month rainfall to the total rainfall of the year 
for a given location, which is mentioned in equation (10). 

Table 2 
List of empirical equations for the computation of kinetic energy corresponding 
to the rainfall event with their references.  

Equation References Equation 
No. 

ek = 0.119 + 0.0873log(i), i ≤ 76ek =

0283, i > 76 
(Wischmeier and Smith, 
1958) 

1 

ek = 0, i ≤ 4ek = 0.2986(1 − 4.29(i)− 1
),

i > 76 
(Hudson, 1961) 2 

ek = 0.29[1 − 0.72e− 0.05(i)] (Brown and Foster, 
1987) 

3 

ek = 0.29[1 − 0.72e− 0.082(i)] (McGregor et al., 1995) 4 
ek = 0.283[1 − 0.52e− 0.042(i)] (Van Dijk et al., 2002) 5 

ek = 0.1418(i)0.172 (Meshesha et al., 2016) 6  
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FI =
pmax

2

P
(10)  

where pmax is the wettest month and P is the total precipitation of the 
year. 

Modified Fournier Index (MFI) (Renard and Freimund, 1994) is 
defined as the summation of the monthly rainfall to its annual rainfall 
for a year and shown in equation (11). 

MFI =
1
P

∑12

i=1
pi

2 (11)  

where pi is the monthly precipitation (mm) in month i and P is the yearly 
precipitation. 

Analyzing and inter-correlating all the six kinetic energy R-factors 
using I60 (hourly rainfall intensity) dataset, one R-factor map for India 
was selected considering the magnitude of Person’s correlation 

Fig. 2. (a) to 2(f) Rainfall erosivity (R-factor) maps for India using (Wischmeier and Smith, 1958), (Van Dijk et al., 2002), (Brown and Foster, 1987), (McGregor 
et al., 1995), and (Meshesha et al., 2016), (Hudson, 1961) based equations respectively. 

R. Raj et al.                                                                                                                                                                                                                                      



Catena 214 (2022) 106256

6

coefficient. These R-factor maps were further compared with FI, MFI, 
and average yearly precipitation values to get relationships with the 
erosivity factor in the Indian context. 

FI (Fournier Index) and MFI (Modified Fournier Index) were calcu
lated using IMD and CHIRPS daily precipitation and using IMDAA 
hourly precipitation datasets with the help of equations (10) and (11), 
respectively. These indices are calculated using python with the help of 
its libraries as an average period of 119, 39 and 40 years, respectively for 
IMD daily, CHIRPS daily and IMDAA hourly precipitation data. 

3. Results and discussions 

3.1. R-factor estimation 

IMDAA hourly (I60) precipitation data was used to estimate rainfall 
erosivity factor using all the six equations (equations 1 to 6) of kinetic 
energy-based methods explained in the previous section. The average R- 
factor averaged over 40 years are shown in Fig. 2(a) to 2(f). 

The R-factors estimated using all the six equations exhibit a similar 
trend and spatial distribution throughout the nation (Fig. 2(a) to 2(f)). 
The regions having higher values of R-factor, i.e., regions prone to 
rainfall-induced erosion, are Assam and Meghalaya sub-division and 
some parts of north-eastern Himalayan belt & along the Eastern Ghat of 
the country. East and Northeast India rainfall region, as defined by IMD, 
have the highest average R-factor value (3312.39 MJ-mm/ha/h/yr) 

while the southern Peninsula region (615.61 MJ-mm/ha/h/yr) is least 
prone to rainfall erosivity (Table 3). 

Calculated Pearson correlation coefficients are shown in Fig. 3. From 
the heatmap shown in Fig. 3, all the methods are well correlated having 
more than 0.98 correlation value except R-factor estimated using Hud
son (equation 2) method. It implies that any method among these six 
could be used in the Indian context for rainfall erosivity estimation. In 
this study, Equation 5 (Van Dijk et al., 2002) was incorporated for 
further analysis. The average R-factor value estimated for India is 1200 
MJ-mm/ha/ha/yr, while maximum rainfall erosivity value 23909.21 
MJ-mm/ha/h/yr was spotted in the Laitknsew and Cherrapunji region of 
East Khasi Hills in Meghalaya state, and minimum value of 8.10 MJ- 
mm/ha/h/yr in the Shahi Kangri mountain region of Ladakh area. 

A global R-factor map was prepared by (Panagos et al., 2017) with 30 
arc-seconds spatial resolution available for download in the European 
Soil Data Centre (ESDAC) (Panagos et al., 2015a) website at 
https://esdac.jrc.ec.europa.eu. For India it was downloaded and 
analyzed. It was observed that there was variation in R-values estimated, 
3848.97 MJ-mm/ha/h/yr as average R-factor and 12749 MJ-mm/ha/h/ 
yr as maximum R-value. To check spatial correlation of the calculated R- 
factor with Panagos et al., (2017) study, a total of 1153 values were 
extracted and compared by creating (0.12◦ * 0.12◦) grid points 
throughout the country (Fig. 9) with Pearson correlation 0.74. This 
difference could be due to the source of estimation of rainfall erosivity 
factor, and the duration of the rainfall captured in the study. Because 
Panagos et al., (2017) used the gauge-based hourly precipitation data for 
an average of seven years (2007–2015) for 247 rain gauge-stations only 
while in this study IMDAA gridded precipitation having (0.12◦X0.12◦) 
spatial resolution was used for time period of 40 years (1979–2018) over 
India. For example, Vantas et al., (2019) states that the R-factor should 
be calculated for a minimum of twenty years to counter biasness raised 
by wet and dry seasons. So, this study is more comprehensive as it ac
counts for forty years of data and thereby will provide improved R-factor 
values in the Indian context. 

Table 3 
Average R-factor for Region defined by IMD.  

IMD Regions Average R-factor (MJ-mm/ha/h/yr) 

Central India  881.74 
East and North East India  3312.39 
North West India  834.44 
South Peninsula  615.61  

Fig. 3. Intercorrelation of R-factor maps using (Wischmeier and Smith, 1958), (Van Dijk et al., 2002), (Brown and Foster, 1987), (McGregor et al., 1995), and 
(Meshesha et al., 2016), (Hudson, 1961) based equations respectively. 
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R-factor values were further grouped in a way to visualize the dis
tribution of rainfall erosivity (Fig. 4). About 71.2% of the total point 
values taken into analysis are less than average value of R-factor (1200 
MJ-mm/ha/h/yr). Around 34.1% of total point samples had values less 
than 500 MJ-mm/ha/h/yr and 64% samples had values less than 1000 
MJ-mm/ha/h/yr. Only 1.95% R-values estimated were greater than 
7000 MJ-mm/ha/h/yr and 0.5% values greater than 13000 MJ-mm/ha/ 
h/yr. 

An analysis was also performed in the sub-divisions defined by IMD 
to visualize the spatial variation of the rainfall erosivity factor across the 
nation (Fig. 5(a) and 5(b)). The distribution of average R-factor at sub- 

division level is shown in Fig. 5(a). Assam & Meghalaya sub-division has 
the highest average R-factor value (7643.09 MJ-mm/ha/h/yr) while 
Jammu and Kashmir have the lowest (318 MJ-mm/ha/h/yr). Out of 36 
sub-divisions defined by IMD only 13 (Arunachal Pradesh, Assam & 
Meghalaya, Bihar, Chhattisgarh, Himachal Pradesh, Jharkhand, NMMT, 
Orrisa, East Uttar Pradesh, West Uttar Pradesh, Uttarakhand, Gangetic 
West Bengal, and SHWB & Sikkim sub-divisions) have average R-factor 
values greater than national average rainfall erosivity value (1200 MJ- 
mm/ha/h/yr). The minimum of temporal average minimum rainfall 
erosivity value (8.10 MJ-mm/ha/h/yr) was recorded in Jammu and 
Kashmir sub-division while maximum of temporal average R-factor 
value was spotted in Assam and Meghalaya sub-division. Only, Assam 
&Meghalaya sub-division is there having average rainfall erosivity fac
tor greater than 6000 MJ-mm/ha/h/yr. 

District-wise average rainfall erosivity was also shown in Fig. 5(b). 
Kokrajhar district of Assam & Meghalaya sub-division is more vulner
able to rainfall erosivity having 17972.38 MJ-mm/ha/h/yr average R- 
factor value while Leh (Ladakh) district is least vulnerable with lowest 
(42.12 MJ-mm/ha/h/yr) rainfall erosivity factor. A total of 265 districts 
have average R-factor values greater than the national average rainfall 
erosivity factor (1200 MJ-mm/ha/h/yr). Only 20 districts in India are 
there having average rainfall erosivity values greater than 7000 MJ- 
mm/ha/h/yr, in which all districts lie in the Assam & Meghalaya sub- 
division of IMD except Jalpaiguri district of West Bengal sub-division 
having 9848.98 MJ-mm/ha/h/yr average R-factor value. 

3.2. FI and MFI estimation 

The results are shown in Fig. 6(a) to 6(f). Calculated MFI values with 
all the three datasets were compared with the Tiwari et al., (2016) study 
and found that the MFI values calculated using CHIRPS daily rainfall 
product produced better correlation (Pearson correlation 0.60). These 
two datasets were also plotted on x-y axes in scattered way corre
sponding to the 52 rain-gauge stations (Fig. 10). 

Fig. 4. A pie-chart showing the distribution of total point stations taken, 
grouped with the cumulative percentage of R-factor values. 

Fig. 5. (a) and (b) Spatial distribution of average R-factor values in IMD sub-divisions as well as districts of India.  
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Analyzing FI and MFI maps resultant from all the three datasets, it 
was observed that the spatial distribution of the values (FI and MFI both) 
did not have the same trend. Temporal-spatial average values estimated 

of FI were of similar range (0.35, 0.33 and 0.33 respectively) but MFI 
values were of different range over India i.e., 283.77, 243.96 and 287.62 
respectively using IMD daily, CHIRPS daily and IMDAA hourly rainfall 
datasets. Differences were also spotted in the spatially maximum and 
minimum values of MFI, maximum as 1637.88, 977.95 and 1911.31, 
and minimum as 78.57, 10.39 and 17.8 respectively for IMD daily, 
CHIRPS daily and IMDAA hourly precipitation datasets. An erosive 
classification was also performed base on FI and MFI ranges (Lukić et al., 
2019). The outcome of this analysis was explained in the Table 4. 
Considering FI values, more than 70% of the values referring to 
extremely severe erosive class while 0.03% values refer to low and very 
low erosive classes. About 96% of the MFI values referring to very high 
and high erosive classes while only 0.39% values come under low and 
very low erosive classes. 

These six maps of FI and MFI Fig. 6(a)–(f) and the R-factor map Fig. 2 

Fig. 6. (a) to 6(f) FI and MFI indices over India using IMD daily, CHIRPS daily and IMDAA hourly precipitation datasets over India.  

Table 4 
Erosive class table for India depending upon FI and MFI (Lukić et al., 2019).  

Erosive 
Class 

FI Percentage 
(%) 

Erosive 
Class 

MFI Percentage 
(%) 

Very low 0–20 0 Very low 0–60 0 
Low 20–40 0.03 Low 60–90 0.39 
Moderate 40–60 3.51 Moderate 90–120 3.95 
Severe 60–80 13.88 High 120–160 15.67 
Very severe 80–100 11.89 Very high >160 79.98 
Extremely 

Severe 
>100 70.69     
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Fig. 7. Correlations among R-factor, FI, MFI and yearly average precipitation.  

Fig. 8. Relation between R-factors (MJ-mm/ha/h/yr) and Modified Fournier Index (MFI) based on IMDAA hourly data for 1979–2019 for East & Northeast, Central, 
Northwest, and South Peninsula regions defined by IMD (n = 171484). 
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(b) were further processed to check the sensitivity of these indices with 
rainfall erosivity factor over India. These maps were also analyzed with 
the temporal yearly average (1901–2019) of IMD daily rainfall data to 
check the relationship with it. Similar type of methodology was adopted 
in this case as it was in previous section for intercorrelation analysis 
among R-factor maps using different types of equation (equation 1 to 6). 
On average 171,484 values were extracted at 0.044◦ arc distance (~5 
km) interval for each map throughout the nation and Pearson correla
tion was then correlated for each parameter. The result of the correlation 
analysis is shown in Fig. 7 in the form of a heatmap. 

From Fig. 7, it is clearly visible that MFI estimated using IMDAA 
hourly precipitation dataset is highly correlated (Pearson correlation 
0.83) with rainfall erosivity in Indian context. Long term (119 years) 
temporal average yearly precipitation values are also showing higher 
correlations (0.86, 0.78 and 0.73) with MFI calculated using IMD daily, 
IMDAA hourly and CHIRPS daily rainfall datasets. Fournier index esti
mations using all the three datasets have lowest negative correlation 
coefficients (-0.15, − 0.28 and − 0.29) with R-factor values over the 
nation. 

Modified Fournier Index estimated using IMDAA daily data 
(MFI_IMDAA) values were further plotted with the R-factor values to get 
best-fit empirical equation for calculating rainfall erosivity factor using 
MFI over India (Fig. 8 (a) to (d)). Considering variation in climate 
conditions of the nation, four equations were suggested to estimate 
rainfall erosivity factor with the help of MFI for each regions defined by 
IMD (Central, East and North-east, North-west, and Peninsula India) in 
the form of a simple power-law formula (R = α MFI^β), where R is the 
rainfall erosivity in (MJ-mm/ha/h/yr), MFI is in (mm), β is the law’s 
exponent and α is a constant. α and β for each region are determined by 
plotting R v/s MFI plot on y-axis and x-axis respectively in scattered 
manner to get the best fit curve. The details of these regression equations 
are mentioned in Table 5. The separate plots of the R-factor with cor
responding MFI values was shown for each IMD region in Fig. 8(a) to (d) 
with 95% prediction band. 

4. Uncertainty and limitations 

The approach followed in this study consists of application of hourly 
(I60) precipitation intensity data for the calculation of rainfall erosivity 
factor. R-factor is defined as the product of total kinetic energy by the 
maximum 30-minutes rainfall intensity for an erosive rainfall event 
(Vantas et al., 2019). This study utilized some of best-available high- 
resolution rainfall datasets for entire Indian region, these gridded 
datasets have their own limitations depending upon the source and 
mode of its derivation and the intrinsic differences in spatial scales (Shen 
et al., 2010; Tapiador et al., 2012). In the future, radar-based sub-hourly 
rainfall retrievals could be used to estimate rainfall erosivity. 

5. 4. Conclusions and recommendations 

This study describes the variation of rainfall erosivity pattern 
throughout the nation and check the applicability of alternative indices 
to estimate R-factor in Indian context. High resolution rainfall (IMDAA 
hourly reanalysis product) for 40 years and daily rainfall data (IMD daily 
and CHIRPS daily) for 116 years and 39 years respectively were used for 

the study. The main conclusions of this research are as follows: 
All the six equations to calculate R-factor are applicable throughout 

the national region, as the Pearson’s correlation coefficients for each 
equation was greater than 0.98. Hence, any of the six methods could be 
used to calculate rainfall erosivity over India. 

The average R-factor value estimated for India is 1200 MJ-mm/ha/ 
ha/yr, while maximum value spotted was 23909.21 MJ-mm/ha/h/yr in 
the Laitknsew and Cherrapunji region of East Khasi Hills in Meghalaya 
state, and minimum value in the Shahi Kangri mountain region of 
Ladakh area as 8.10 MJ-mm/ha/h/yr. Kokrajhar district of Assam & 
Meghalaya sub-division is more vulnerable to rainfall erosivity having 
17972.38 MJ-mm/ha/h/yr average R-factor value while Leh (Ladakh) 
district is least vulnerable with lowest (42.12 MJ-mm/ha/h/yr) rainfall 
erosivity factor. 

About 71.2% of the total point values taken into analysis are less than 
average value of R-factor (1200 MJ-mm/ha/h/yr). Only 1.95% R-values 
estimated were greater than 7000 MJ-mm/ha/h/yr and 0.5% values 
greater than 13000 MJ-mm/ha/h/yr. 

MFI (Modified Fourier Index) is highly correlated to the rainfall 
erosivity throughout the Indian region with a Pearson’s correlation co
efficient of 0.83. Hence, it was recommended that MFI should be pref
erably used to estimate rainfall erosivity in absence of high-resolution 
precipitation product in Indian context. 

Four power law equations (R = α*MFI^β) were also recommended to 
estimate rainfall erosivity with the help of MFI in the absence of high- 
resolution precipitation datasets as an alternative method to estimate 
rainfall erosivity for each region identified by IMD. 

This is the first national-scale assessment of rainfall erosivity over 
India using gridded precipitation, which will be helpful for agricultural 
experts, watershed managers, agronomists, and soil-conservational ex
perts to apply this rainfall erosivity map of the country as an additional 
database for incorporating safety measures to minimize soil erosion. 
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