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Abstract 

_____________________________________________________ 

Land or soil degradation is one of the most serious environmental challenges faced by the 

world today. It represents a reduction in the productive capacity and potential of land. In 

the Indian context, the magnitude of land degradation is particularly alarming. As per the 

Desertification and Land Degradation Atlas of India (2018-19) prepared by the Indian 

Space Research Organisation (ISRO), about 29.77% of the total geographical area of the 

country are undergoing land degradation. Among the various causes of land degradation 

water erosion emerges as the most dominant, affecting approximately 11.01% of the total 

geographic area. The Revised Universal Soil Loss Equation (RUSLE) is a widely applied 

empirical model for estimating soil loss due to inter-rill and rill erosion. It quantifies 

average annual soil loss as the product of five factors: rainfall erosivity (R), soil 

erodibility (K), slope length and steepness (LS), cover management (C), and conservation 

practice (P). Among these, the rainfall erosivity factor (R factor) represents the potential 

of rainfall to cause soil erosion. The R factor is defined as the mean annual value of the 

product of rainfall kinetic energy (E) and the maximum 30-minute intensity (I30) of 

individual erosive events. Thus, high temporal resolution rainfall data (≤30 minutes) are 

essential for accurate estimation of R factor. However, such datasets are scarce in 

developing countries like India. 

In such circumstances, satellite-based rainfall datasets offer a valuable alternative. The 

Integrated Multi-satellitE Retrievals for GPM (IMERG) product provides global half-

hourly rainfall data at fine spatial resolution of 0.1⁰. It enables the assessment of rainfall 

erosivity over data scarce regions. The present study utilizes the IMERG precipitation 

data (2001-2020) to compute the R factor over India to generate a high-resolution R factor 

map and to analyse the spatiotemporal variability. The spatial distribution of the R factor 

revealed large variability across various regions. The national average R factor is 2188.79 

MJ.mm/ha.h.yr and ranges from 68.28 in the cold-arid regions of Himachal Pradesh to 

18,864.2 in Assam. The erosivity hotspots were predominantly found in the North East 

India and the Western Ghats. The monthly and seasonal analyses discovered that the 

Southwest Monsoon (June-September) contributed the most to annual erosivity, while the 
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winter months carries minimal values. Long-term trend analysis (2001-2020) indicated 

high inter-annual variability but no consistent nationwide trend, with significant positive 

trends (1.82%) mainly in Rajasthan and parts of North East India. 

Traditionally, the R factor has been expressed as an annual mean, and the corresponding 

soil loss estimated from it reflects the average annual soil loss. However, using the mean 

value for design purposes can be misleading in regions with high inter-annual rainfall 

variability. It may underestimate soil loss during extreme rainfall years and overestimate 

it during dry years. To overcome this limitation, the current study introduces return 

period-based analysis of rainfall erosivity, which accounts for variability in erosive events 

across different recurrence intervals. This probabilistic approach provides a more reliable 

basis for designing soil conservation structures. The R factor corresponding to 2, 5, 10, 

25, 50 and 100 year return periods was estimated using IMERG half hourly data. It was 

observed that nearly 95% of the annual R factor values fell within the 2 to 5 year return 

period range. The majority of the cases relating to the maximum annual R factor 

correspond to a return period range of 25 to 50 years. The study demonstrated that 

dependence on mean annual R factor alone may underestimate soil loss potential. Thus, 

this return period-based approach provides a more realistic and robust framework for 

erosion control planning and infrastructure design. 

The study also recognizes that while satellite-based rainfall data provide very good 

coverage in space and time, they can sometimes have errors or biases in certain regions. 

IMERG data tends to overestimate rainfall in high altitude mountainous region. To 

improve its accuracy, this research performs a calibration of IMERG (Late) data using 

the India Meteorological Department (IMD) daily gridded rainfall dataset. The study used 

the modified Daily Spatio-Temporal Disaggregation Calibration Algorithm (DSTDCA) 

for this purpose. This calibration merges the temporal distribution of IMERG with the 

IMD daily rainfall, resulting in a new dataset, which can be termed IMDMERG. The 

calibrated dataset was then used to regenerate erosivity maps for India. The IMERG 

(Final) dataset exhibited an overestimation bias of approximately 7% in annual rainfall 

relative to IMD daily gridded data. After calibration through the modified DSTDCA, the 

IMDMERG dataset successfully preserved daily rainfall totals with ground observations 

while retaining sub-daily distribution of IMERG. The R factor maps derived from 

IMDMERG identified new erosivity hotspots in the Western Ghats, Northeast India, and 

parts of the Eastern Ghats. 
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The research also explores the impact of climate change on rainfall erosivity. It focuses 

on how altered precipitation patterns could intensify soil erosion. The Intergovernmental 

Panel on Climate Change (IPCC) highlighted that increasing extreme rainfall events due 

to global warming could significantly enhance rainfall erosivity and accelerating land 

degradation. The study assesses future erosivity patterns of rainfall erosivity in the 

Pamohi watershed of Assam using climate projections from CMIP6 models under two 

Shared Socioeconomic Pathways (SSP245 and SSP585). However, since Global Climate 

Models provide rainfall data only at daily temporal resolution, two approaches were 

adopted: (i) developing a Multiple Linear Regression (MLR) model to estimate R factor 

directly from daily rainfall data and (ii) disaggregating daily rainfall into sub-daily 

intervals to compute R factor through the standard RUSLE method. The newly developed 

MLR model significantly outperformed existing widely used empirical models, showing 

a very low percentage error of 2.86 %. The historical R factor estimated by both the 

approaches was found to be similar to the R factor computed by observed half hourly 

dataset. The findings of this study were compared with climate change analyses 

conducted at global, national, and regional scales, and a strong consistency was observed 

with the results obtained from the rainfall disaggregation approach. However, the 

increasing trend in rainfall erosivity was also maintained in the MLR based empirical 

model. Comparative evaluation of both methods suggested that while the MLR approach 

is computationally efficient and suitable for large-scale applications, it tends to smooth 

local extremes and underestimate peak erosivity. The disaggregation method, though 

more data-intensive, better captured rainfall intensity dynamics. 

This research advances the understanding of rainfall erosivity over India by integrating 

high-resolution satellite rainfall data, ground-based calibration, return period analysis, 

and climate change assessment. The outcomes of this study are expected to serve as a 

scientific basis for policymakers and environmental planners in developing sustainable 

soil conservation and erosion mitigation strategies. 

Keywords: RUSLE, Rainfall Erosivity Factor, IMERG, Return Period, Climate Change 
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Chapter 1                                                                           

Introduction 

1.1 General 

Land or soil degradation is one of the most serious issues of the present time. Land 

degradation, in general, may refer as the reduction in the productive capacity and 

productive potential of the soil (Stocking 2001). Soil degradation may also be referred as 

physical, chemical and biological decline of soil quality. The topsoil constitutes almost 

all the nutrients required for agriculture. A healthy soil is also crucial for carbon 

sequestration as it can store more carbon in comparison to living plant and atmosphere. 

Degraded land reduces the percolating capacity and water storage ability of the soil mass 

hence affects the productivity (Gobinath et al., 2022). According to a study performed by 

United Nation, nearly one-third of the world's arable land has vanished in the past forty 

years. If the present loss rates continue, the world's topsoil might all become unusable 

within 60 years (Maximillian et al., 2019). 

As per Desertification and Land degradation atlas of India prepared in the year 2018-19 

by Indian Space Research Organisation (ISRO), 97.85 Million Ha, 29.77% of the Total 

Geographical Area of the country is undergoing Land Degradation. India holds the second 

position of most populated country in the world and first in terms of livestock population. 

India is also the second largest producer of food and agriculture (ISRO, 2021). Thus, the 

land mass of India experiences tremendous pressure and in turn raises the possibility of 

Land degradation in the country. Land degradation triggers various problems, which are 

partly irreversible and causes multiple social or economic issues. Various causes of Land 

Degradation are water erosion, wind erosion, vegetation degradation, salinity, water 

logging, anthropogenic etc. The most significant process of Land Degradation of the 

country is water erosion. Approximately 36.20 Million Ha, 11.01 % of Total Geographic 

Area is undergoing Land Degradation due to Water Erosion (ISRO, 2021). 

Loss or detachment of the topsoil is the primary result of water erosion, and the soil loss 

again leads to various other environmental problems (Issaka and Ashraf, 2017; McCool 

and Williams, 2008). The quantity of soil loss can be estimated by a widely used method 

called Revised Universal Soil Loss Equation (RUSLE). It is basically used for computing 

soil loss due to inter-rill and rill erosion. In this method the annual average soil loss of an 
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area is estimated by multiplying five factors, viz. rainfall erosivity factor (R), soil 

erodibility factor (K), slope length and steepness factor (LS), cover management factor 

(C) and conservation practice (P) factor (Renard et al. 1997; Wischmeier & Smith 1978). 

The term used to describe the capacity of rainfall to induce soil erosion is called the 

rainfall erosivity. The erosivity of rainfall is a vital factor that significantly fluctuates and 

contributes to soil erosion, especially concerning the effects of changing climate. The rise 

in the number of intense and short-duration rainfall events leads to a corresponding 

increase in events characterized by elevated erosive power (Gonzalez-Hidalgo et al., 

2012). The Rainfall erosivity factor, popularly known as the R factor of RUSLE, is widely 

recognised as a measure of expressing the erosive potential of rainfall. The R factor 

denotes the annual mean of EI30 of each erosive rainfall event, where E represents the 

rainfall kinetic energy expressed in terms of intensity and rainfall depth, and I30 is the 

maximum 30-minute intensity of a rainfall event (Renard et al., 1997). 

Very high temporal resolution (≤ 30 min) rainfall data is required to calculate the long-

term average R factor (Renard et al., 1997). But in most part of the world such high 

temporal resolution gauge data rainfall is very scarce. Though it can be found in some 

IMD stations in India, but it is difficult to find in digitised form which has made the 

rainfall erosivity study a tough job in India. The modern age satellite rainfall data has 

enough potential to contribute to the rainfall erosivity study of data scarce region. A 

popular high spatiotemporal resolution satellite precipitation product of recent time called 

IMERG (Integrated Multi-satellitE Retrievals for GPM (Global Precipitation 

Measurement)) has been widely used in many hydrologic studies globally and in India 

also. In the present study, IMERG rainfall data have been utilized to estimate the Rainfall 

Erosivity Factor, with the aim of examining the suitability of satellite-based precipitation 

products for erosivity assessment. 

Traditionally, the R factor denotes the mean annual value; consequently the soil loss 

evaluated based on this corresponds to the average annual soil loss (Wischmeier and 

Smith 1978). However, there are some drawbacks to using the average annual soil loss. 

While designing soil conservation structures, relying on average soil loss is appropriate 

only if the annual soil loss data series follows a normal distribution and shows low 

variability over the year. Utilizing average soil loss in regions characterized by significant 

annual rainfall variability leads to overestimation of soil loss during dry years and 

underestimation during wet years (Mannaerts and Gabriels, 2000; Pampalone and Ferro, 
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2020). Taking the average annual value in designing soil conservation structures can 

sometimes be unreliable and unsafe. Moreover, understanding soil erosion processes in 

future scenarios holds significant importance for managers and decision-makers. 

However, accurately forecasting rainfall erosivity and subsequent soil erosion proves 

challenging because of inherent uncertainties associated with rainfall storms, which 

exhibit day-to-day variations in a seemingly random and unpredictable manner (Sadeghi 

and Hazbavi, 2015). In many regions of India, deforestation is widely happening due to 

shifting cultivation, natural calamities, anthropogenic pressure and developmental 

activities. The resulting deforested regions are most likely to be eroded by the action of 

water erosion. The effects of water-causing erosion are not limited to only soil fertility 

loss. It is also creating various other environmental issues such as waterlogging, silting 

of drains, flash floods and decrease in groundwater. To control soil erosion, it is 

commonly recommended to implement soil conservation measures, construct silt traps, 

and carry out extensive afforestation programs. However, due to the consideration of 

average soil loss estimation in designing such structure, often causes failure. 

To overcome this problem, probabilistic and statistical approach, such as frequency 

distribution analysis with the help of historical data can offer valuable insights by 

estimating variable magnitudes associated with different return periods (Mannaerts and 

Gabriels, 2000). The return period refers to the interval between the recurrence of an event 

of certain magnitude expressed in year. 

Generally, such studies used rain gauge data and estimation in transition areas are 

spatially interpolated from the nearest points. Due to the application of interpolation 

methods, there is a strong probability that a significant level of uncertainty will be 

observed in the rainfall erosivity values of transition areas. Moreover, such stations are 

not uniformly distributed, which leads to erroneous results in areas with limited number 

of stations or no stations. However, one of the key advantages of satellite-based 

precipitation products lies in their ability to effectively capture the spatial variability of 

rainfall, particularly in regions that are sparsely or poorly gauged. This makes them a 

valuable resource for large-scale hydrological and climatological studies. Thus, this study 

also explores the use of satellite-based precipitation products in conducting return period 

analysis of R factor. 
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However, despite their many benefits, satellite-based rainfall datasets also have some 

limitations. Satellite-derived precipitation estimates, such as those from IMERG, 

inherently carry uncertainties that vary across regions. Notably, IMERG has been found 

to overestimate daily and hourly rainfall in high-altitude areas (Xu et al., 2019). This is 

primarily because satellites estimate precipitation indirectly, relying on remote sensing 

algorithms that are susceptible to various sources of error. Accordingly, calibration with 

ground-based observations becomes essential to enhance the accuracy and reliability of 

satellite precipitation datasets (Huffman et al., 2019). The IMERG product is calibrated 

globally on a monthly scale using the GPCC (Global Precipitation Climatology Centre) 

dataset at a 1°/ monthly resolution. As a result, IMERG performs well when analysed at 

monthly timescales, but its accuracy deteriorates when applied to finer temporal 

resolutions (Ma et al., 2020). To address this issue, the present study undertakes a 

calibration of IMERG (Late) half-hourly precipitation data using IMD daily gridded 

rainfall. This step is aimed at improving the performance of the IMERG dataset at the 

finer temporal scale required for accurate estimation of rainfall erosivity and soil loss. 

In addition, this study also addresses a critical issue of the present time, the impact of 

climate change on rainfall erosivity. Intergovernmental Panel for Climate Change (IPCC) 

reported in 2019 that the climate change could exacerbate the current land degradation 

and soil erosion scenario due to extreme precipitation events. The intensification of 

rainfall will directly enhance its erosive potential and accordingly rainfall erosivity will 

be increased. As per RUSLE method the soil loss from an area is directly influenced by 

rainfall erosivity factor, provided that all other factors remain unchanged, thus it is evident 

that any alteration in rainfall patterns due to climate change will significantly impact soil 

erosion dynamics (Nearing, 2001). The interaction between shifting climatic patterns and 

changing land use practices can substantially accelerate global water-induced soil 

erosion. Projections indicate that these combined influences may lead to an estimated 

30% to 60% rise in soil erosion rates (Borrelli et al., 2020; Panagos et al., 2022a). A 

comprehensive understanding of how climate change influences the R-factor is crucial 

for devising improved land resource management strategies. 

However, the future precipitation data from GCMs (Global Climate Model) are provided 

on a daily scale, whereas the standard RUSLE methodology necessitates sub-daily rainfall 

data for accurate computation of the R factor (Renard et al., 1997). To address this 

challenge, two potential approaches are available. The first approach is to formulate an 
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equation that enables the assessment of the R Factor directly from daily rainfall data. The 

second approach entails disaggregating daily rainfall into sub-daily intervals, enabling 

the direct application of the standard method for R Factor estimation. Rainfall 

disaggregation models are basically employed to derive sub-daily rainfall time series 

from daily data. Generally, the first approach is more commonly used. Thus, in this 

research work an effort has been undertaken to disaggregate the daily rainfall to sub-daily 

rainfall and rainfall erosivity factor is calculated by standard method. To further enhance 

understanding, an empirical relationship is also developed to estimate rainfall erosivity 

from daily rainfall. Researchers and stakeholders often use empirical formulas derived in 

other regions. While convenient, this practice can lead to significant errors. Therefore, 

development of a region-specific empirical equation for the R factor is needed to improve 

the reliability of rainfall erosivity estimates and enhance the effectiveness of soil 

conservation planning. This allows a comparative analysis between the two methods. This 

dual approach enables a thorough evaluation of future erosivity under climate change and 

helps in comparing it with existing studies to assess the reliability of projections. 

1.2 Broad Objectives of the study 

The primary goal of this study is to analyze the rainfall erosivity of India and the effect 

of climate change on rainfall erosivity. The objectives of this study are as follows: 

1. To prepare the rainfall erosivity map of India using IMERG 0.1⁰ half hourly 

rainfall data and perform analysis of spatiotemporal variation. 

2. To perform return period analysis for annual rainfall erosivity factor of India. 

3. To calibrate the IMERG half hourly data using IMD daily gridded data to generate 

0.25 degree half hourly precipitation dataset. 

4. To study the effect of climate change on rainfall erosivity factor. 

1.3 Organisation of the Thesis 

In addition to the basic introduction and the broad objectives of this research, a synoptic 

view of the organisation of rest of the chapters of the thesis are presented in Chapter-1. 

Chapter-2 gives a systematic and detailed review of the previous works on the research 

area to have up-to-date knowledge on various themes relevant to this study. This is 

followed by a critical assessment of the literature stating the necessity for further research. 

Finally, the scope of present work is stated clearly mentioning the goal of the research. 
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Chapter - 3 focuses on the spatiotemporal analysis of rainfall erosivity across India. A 

rainfall erosivity (R factor) map of India is generated using satellite precipitation data. 

The outputs are validated and compared with ground-based rainfall erosivity maps as well 

as data derived from a single rain gauge station. Sensitivity analysis is also performed to 

assess the influence of input variables on the computed R factor. 

Chapter - 4 incorporates the return period analysis into the assessment of rainfall 

erosivity. Suitable theoretical probability distributions are fitted to annual R factor values 

to determine the best-fitting model. The R factor corresponding to different return periods 

is computed, and trend analysis is conducted to understand temporal variations in annual 

erosivity. 

Chapter - 5 addresses the calibration of IMERG satellite precipitation data using IMD 

daily gridded rainfall data. This chapter outlines the calibration procedure and application 

in generating Rainfall Erosivity Map of India. 

Chapter - 6 investigates the impact of climate change on rainfall erosivity in India. Two 

distinct methodologies are employed viz. rainfall disaggregation and the development of 

an empirical equation, to estimate future changes in rainfall erosivity under different 

climate scenarios. The spatial and temporal patterns of projected changes are thoroughly 

analyzed. 

Finally, Chapter - 7 gives a summary and conclusion of the research work performed. The 

limitations and future scopes of the research will also be described here. 
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Chapter 2                                                                               

Literature Review  

2.1 Introduction 

As per Desertification and Land degradation atlas of India prepared in the year 2018-19 

by Indian Space Research Organisation (ISRO), 97.85 Million Ha, 29.77% of the Total 

Geographical Area of the country is undergoing Land Degradation (ISRO, 2021). The 

most significant process of Land Degradation of the country is water erosion. 

Approximately 36.20 Million Ha, 11.01 % of Total Geographic Area is undergoing Land 

Degradation due to Water Erosion (ISRO, 2021). The erosive power of rainfall often 

termed as Rainfall Erosivity (Lal, 2001) is among the prime driver of water erosion in an 

area. The rainfall erosivity factor has its origin in the term, “Potential Erosivity”, one of 

the three terms to define the process of soil erosion due to water, proposed by Cook 

(1937). The term Potential Erosivity is the capacity of rainfall and runoff to initiate soil 

erosion from a standard area. The modern rainfall erosivity factor was first proposed by 

Wischmeier and Smith (1958) Wischmeier (1959) in the handbook of Universal Soil Loss 

Equation. The rainfall erosivity factor is one of the five factors used for computing the 

soil loss of an area. They defined the rainfall erosivity factor for each erosive rainfall 

event, is defined as the mean annual summation of a term EI30 of each erosive rainfall 

event, where E is the kinetic energy and I30 is the maximum 30 minute intensity. Renard 

et al. (1997) introduced the Revised Universal Soil Loss Equation (RUSLE), building 

upon earlier formulations. While they retained the original approach for estimating 

rainfall erosivity, they changed the equation for calculation of the kinetic energy of 

erosive rainfall events. The most recent version, RUSLE2 (USDA-Agricultural Research 

Service, 2013), updated the equation for kinetic energy by slightly changing a coefficient. 

Despite the release of the updated RUSLE2, the original RUSLE continues to be widely 

used in studies across the globe. In the present study as well, the RUSLE formulation has 

been adopted. 

The literature reviewed in this chapter will broadly encompass the following thematic 

areas: 

1. Rainfall Erosivity studies in India 

2. Sub-Daily Precipitation products and its application in Rainfall Erosivity studies 

3. Return period analysis and its application in Rainfall Erosivity studies 
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4. Calibration of satellite-based rainfall dataset 

5. Climate change studies on Rainfall Erosivity 

6. Application of Empirical equation on Rainfall Erosivity studies 

7. Method of Rainfall Disaggregation and its application in various field including 

Rainfall Erosivity analysis 

2.2 Rainfall Erosivity Studies in India 

The quantification and spatial representation of rainfall erosivity have been of 

considerable interest to hydrologists and soil conservationists in India since the late 

1970s. The first national-level rainfall erosivity factor map was developed by Babu et al. 

(1978), marking a pioneering effort to provide a spatially distributed assessment of 

erosivity for the entire country. This study utilized rainfall data from 44 rain gauge 

stations. They applied interpolation techniques to prepare the R factor map of India. The 

study is limited in terms of number of stations. However, it provided a crucial baseline 

for subsequent erosivity assessments in the country. In the similar line, Das and Babu 

(1979) proposed a systematic procedure for calculating rainfall erosion indices (EI) in 

metric units. This work was an important step towards standardization in the Indian 

context. Their methodology enabled direct computation of EI values. It also provided a 

framework for converting existing EI data into the metric system. They also explored the 

feasibility of estimating rainfall energy and erosivity indices using the product of total 

rainfall and maximum rainfall intensity. They proposed a relatively simple way to 

compute R factor where high temporal resolution data is not available. During the late 

1980s, some advancements were happened in computerized data management which 

helped more structured erosivity assessments. Karale et al. (1989) developed a software 

module called ‘WEIGHT’, which is designed to compute erosivity values for mapping 

units. These mapping units are related to combinations of climate, physiography, slope, 

land use and cover, soil properties, and the influence of erosion control measures. 

Hadda et al. (1991) provided more understanding by linking daily rainfall and erosivity 

through deterministic and random components. Their analysis showed that the 

deterministic relationship was best captured by a power-law function. This alone 

explained the erosivity-rainfall relationship with a strong correlation coefficient of 0.87. 

In the subsequent decade, refinement of national scale erosivity mapping continued. Babu 

et al. (2004)  prepared a more detailed R-factor map of India. They incorporated data from 

123 recording type rain gauge stations. They also extended their analysis to 500 non-
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recording stations by applying empirical relationships between annual/seasonal mean 

rainfall and EI values. This allowed them to use a total of 623 stations, which significantly 

improves the spatial resolution and reliability of erosivity estimates as compared to their 

earlier work. At the station scale, Sharda and Ojasvi (2006) developed a rainfall erosivity 

computation model based on daily rainfall data from Dehradun. They found that a 

logarithmic functional form best described the relationship between rainfall and erosivity. 

Their work provided a practical approach for local scale erosivity estimation. Similarly, 

Nandgude et al. (2013)  conducted a study in the Wakavali region of Maharashtra using 

self-recording rain gauge data. They observed that rainfall depth contributed more 

considerably to total kinetic energy than rainfall intensity. 

An important contribution at the national scale was made by Tiwari et al. (2016). They 

used 101 years of monthly rainfall data from 52 spatial points across India. They prepared 

a rainfall erosivity factor map using the Modified Fournier Index (MFI), which revealed 

strong spatial variability. The North-Eastern region shows the highest erosivity values 

and Northern and North-Western regions having the lowest. This study provided long-

term understanding into the spatial distribution of erosivity in India. Some more 

improvement of erosivity estimation methods was attempted by Dash et al. (2018). They 

compared six different kinetic energy and intensity relationships for the Eastern Ghat 

region of India. Their analysis indicated that different equations produced divergent 

results under low rainfall intensity conditions and similar result under high intensity. As 

per their study the equation proposed by Brown and Foster (1987) and recommended in 

the RUSLE handbook, gives the best results. However, they mentioned that this equation 

required high temporal resolution rainfall data, which is often scarce in India and due to 

this limitation, Dash et al. (2019) proposed regression equations for estimating R factor 

values using readily available daily, monthly, and annual rainfall data. 

In the recent time, Singh and Singh (2020a, 2020b) carried out two detailed studies in the 

Suketi River catchment of the Himachal Himalayas. This research together provided an 

in-depth perspective of rainfall erosivity, erosivity density, and rainfall seasonality during 

1971–2015. The first study assessed erosivity and erosivity density using daily rainfall 

records from three sparsely distributed stations. They observed that more than 90% of 

total erosivity occurred during summer and monsoon seasons. The findings underscore 

the seasonal concentration of erosive rainfall and its probable effects on soil erosion in 

mountainous catchments. The second study focused on rainfall seasonality, distribution, 
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and erosivity using non-parametric indices such as the Seasonality Index (SI), 

Precipitation Concentration Index (PCI), and Modified Fournier Index (MFI). Their 

findings revealed pronounced fluctuations over time and strong spatial heterogeneity of 

rainfall erosivity and seasonality. 

Overall, the literature demonstrates a progressive evolution in rainfall erosivity research 

in India. The studies started from early national-scale interpolations using limited rain 

gauge data to sophisticated approaches integrating statistical models, empirical 

relationships, and long-term climatic indices. These studies not only emphasize the 

methodological advancements but also underscore the challenges caused by data scarcity. 

The studies also pointed out the need for high temporal resolution observations and the 

complex spatial variability of rainfall erosivity over India. 

2.3 Sub-Daily Satellite Precipitation Product 

The accurate estimation of precipitation at fine temporal and spatial scales is important 

for hydrological studies, climate monitoring and water resource management. The rain 

gauge measurements offer high accuracy, but they are often sparsely distributed, 

particularly in remote, mountainous, or developing regions. This makes it tough to study 

large-scale hydrological and climatological analyses. To overcome this limitation, 

satellite-based precipitation estimation systems have been developed, offering near-

global coverage and the capability to supplement or replace ground observations. 

The PERSIANN (Precipitation Estimation from Remotely Sensed Information using 

Artificial Neural Networks) is one of the first important dataset developed at the 

University of Arizona (Hsu et al., 1997). PERSIANN uses an adaptive Artificial Neural 

Network (ANN) framework to estimate rainfall rates using infrared (IR) satellite imagery 

in combination with ground-surface information. A distinct feature of PERSIANN is its 

adaptive recursive updating mechanism. Due to this mechanism the ANN parameters are 

continuously updated whenever ground-based observations are available. This adaptive 

capability enables the system to respond effectively to regional and seasonal variations in 

precipitation patterns. 

The Climate Prediction Center Morphing technique (CMORPH) represents another 

significant advancement in satellite-based precipitation estimation. CMORPH combines 

high-quality precipitation estimates derived from passive microwave (PMW) sensors 

with motion information extracted from geostationary IR imagery. The PMW derived 
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estimates are propagated forward and backward in time using motion vectors. The time-

weighted linear interpolation is employed to maintain temporal continuity between PMW 

overpasses. This approach ensures both spatial and temporal completeness and remains 

independent of the IR temperature field. The spatial and temporal resolution of CMORPH 

is 8 km and half-hourly respectively and the dataset is available from November 2002 to 

till date (Joyce et al., 2004). 

The Tropical Rainfall Measuring Mission (TRMM) Multisatellite Precipitation Analysis 

(TMPA) further advanced satellite-based rainfall estimation. TMPA utilizes a calibration-

based sequential scheme to merge precipitation data from multiple satellites and 

incorporates gauge analyses wherever feasible. This methodology enables the generation 

of precipitation estimates at relatively fine spatial (0.25° × 0.25°) and temporal (3 hourly) 

resolutions. TMPA data are available both in real time and after real time. The after real 

time integrated with gauge observations. TMPA covers the latitude band between 50°N 

and 50°S and is available from 1998 to 2015 (Huffman et al., 2007). 

The Integrated Multi-satelliE Retrievals for GPM (IMERG) represents the latest 

advancement in sub-daily, global satellite precipitation products. It is developed under 

the Global Precipitation Measurement (GPM) mission and serves as the successor to 

TRMM TMPA. It provides global precipitation estimates at 0.1° × 0.1° spatial resolution 

and half-hourly temporal resolution. IMERG integrates PMW observations from the 

GPM constellation with IR satellite data, reanalysis fields, and gauge measurements to 

produce high quality precipitation product. (Huffman et al., 2019). IMERG is a very 

useful tool for present water and climate studies because it gives more detailed data over 

time and space and combines information from many sources. 

Collectively, these sub-daily satellite precipitation products have greatly improved the 

ability to monitor and analyse rainfall at regional to global scales. This has helped in 

better flood forecasting, water resource management and climate impact assessments. In 

the present study, the IMERG satellite precipitation product has been employed. 

2.3.1 Use of IMERG Satellite Precipitation Product in India 

The Integrated Multi-satellitE Retrievals for GPM (IMERG) dataset has emerged as one 

of the most reliable satellite-based precipitation products over India. As compared to 

other satellite rainfall products, IMERG shows better accuracy and reliability across 

various temporal and spatial scales (Reddy et al., 2019; Singh et al., 2019). Its high 
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spatiotemporal resolution offers strong potential to improve rainfall monitoring over the 

Indian subcontinent (Prakash et al., 2016). 

Murali Krishna et al. (2017) conducted an evaluation of IMERG rainfall estimates by 

comparing them with ground-based rain gauge measurements, the Tropical Rainfall 

Measuring Mission (TRMM) 3B42 product and Joss-Waldvogel Disdrometer (JWD) 

observations. Their study includes sub-daily, diurnal, monthly, and seasonal periods. The 

results validated IMERG as a reliable tool for rainfall estimation in India and highlighted 

its significant improvements over older products such as TRMM. However, the study also 

noted limitations of IMERG in regions with complex terrain or very high precipitation. 

Prakash et al. (2018) further evaluated high-resolution satellite rainfall products over 

India with a focus on the southwest monsoon season. Their analysis revealed that IMERG 

generally outperforms other satellite datasets such as Global Satellite Mapping of 

Precipitation (GSMaP) and TMPA in capturing medium to heavy rainfall events. The 

GSMaP exhibited lower errors in low rainfall areas and it slightly underestimated large 

scale monsoon features The TMPA was found to be less accurate overall, especially in 

low to moderate rainfall regions. This study also noted that all satellite products 

challenges in mountainous regions and rain-shadow areas. 

Several studies have also got similar findings and collectively indicate that IMERG is a 

reliable, high resolution satellite rainfall product that effectively captures medium to 

heavy precipitation and aligns well with Indian Meteorological Department (IMD) 

observations (Bushair et al., 2019; Mahmoud et al., 2021; Mukhopadhyay et al., 2019; 

Singh et al., 2018; Thakur et al., 2020b; Verma and Ghosh, 2018). However, IMERG 

tends to underestimate extreme rainfall events, thus there is a need for further refinements 

to enhance its operational utility during severe weather scenarios. The utility of IMERG 

in extreme rainfall and hazard assessment has also been investigated. Thakur et al. 

(2020a) analysed its role in triggering landslides in the Western Ghats. They found 

substantial rain rates exceeding 60 mm/h in half-hourly data. The study concluded that 

IMERG is a reliable tool for monitoring heavy rainfall events with possibility to trigger 

landslides. In addition to performance evaluations, several studies have explored methods 

to improve the accuracy of IMERG rainfall estimates by correcting errors and biases. 

Bhuiyan et al. (2020) utilized machine learning-based stochastic error correction over the 

Brahmaputra river basin, while Chaudhary and Dhanya (2020) applied CART-based bias 
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correction techniques across India. Overall, the literature indicates that IMERG represents 

a substantial advancement in satellite precipitation estimation over India. 

2.3.2 Use of Satellite Precipitation Product in Rainfall Erosivity Study 

Accurate estimation and spatial mapping of rainfall erosivity are fundamental for 

effective soil conservation planning. However, achieving this remains a major challenge 

in regions where ground-based rainfall observations are limited. The emergence of 

satellite-based precipitation products, such as the TRMM, IMERG, CMORPH etc., has 

significantly enhanced the capability to assess rainfall erosivity from regional to global 

scales with improved temporal and spatial resolution. 

Vrieling et al. (2014, 2010) evaluated rainfall erosivity across Africa using 3 hourly 

TRMM Multi-satellite Precipitation Analysis (TMPA) data. The study reported a 

moderate correlation (r = 0.71) between TRMM-derived erosivity estimates and station-

based measurements. Similarly, Zhu et al. (2011) developed a novel method for 

estimating rainfall erosivity in the Daling River Basin, China, by combining TRMM 3B42 

data with the maximum 180 minute rainfall intensity and rainfall energy. Their TRMM-

derived erosivity values presented strong agreement with interpolated rain gauge data. In 

another study, Fan et al. (2013) utilized TRMM 3B42 data to estimate rainfall erosivity 

across the Tibetan Plateau for the period 2000 to 2010. They validated their result with 

station data and the spatial patterns of erosivity were found to align closely with rainfall 

distribution. 

In India, Dutta et al. (2015) used TRMM data to estimate the rainfall erosivity factor (R) 

for the Sanjal watershed in Jharkhand adapting the RUSLE guidelines. Although the 

study took the advantage of high temporal resolution satellite derived rainfall estimates, 

it relied on an empirical annual rainfall based relationship to compute R factor. Li et al. 

(2020) further explored the influence of temporal resolution on R factor estimation in the 

Poyang Lake Basin, China, using multiple TRMM products. Their analysis showed that 

the 3 hourly TRMM 3B42 product underestimated monthly erosivity. 

Chen et al. (2021) compared the IMERG Final run and TMPA 3B42-V7 products with 

gauge-based rainfall data from 2,417 stations across China. Both datasets exhibited strong 

spatial correlations with observed values (r = 0.944 for IMERG Final run and r = 0.909 

for TMPA), with IMERG Final run demonstrating superior performance and broader 

applicability across diverse climatic regions and timescales. Despite the availability of 
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30-minute temporal resolution data of IMERG Final run, the study utilized daily data and 

applied the daily rainfall erosivity model proposed by Xie et al. (2016) for computing R 

factor. 

In addition to TRMM and IMERG, several other satellite-based precipitation products 

have also been utilized in rainfall erosivity studies. At the continental scale, Kim et al. 

(2020) employed CMORPH satellite data to map rainfall erosivity across the contiguous 

United States, the first such effort using half-hourly satellite precipitation estimates and 

the erosivity factor (R) was computed following the standard methodology of the RUSLE 

handbook. The results revealed high spatial variability of erosivity and tropical and 

coastal regions showing the greatest erosivity magnitudes. However, corrections were 

required in coastal zones where CMORPH underestimated rainfall erosivity relative to 

rain gauge assessments. 

To further improve satellite based erosivity estimates, Teng et al. (2017) proposed a data-

merging approach that combined TRMM 3B42 data with observed rainfall measurements 

using collocated cokriging (ColCOK). This method produced more accurate rainfall and 

erosivity distributions compared to TRMM alone or block kriging. Similarly, Fenta et al. 

(2017) utilized multisource rainfall datasets such as CHIRPS to assess rainfall erosivity 

across Eastern Africa. 

Overall, these studies demonstrate that satellite precipitation products such as TRMM, 

IMERG and CMORPH have become indispensable tools for assessing rainfall erosivity, 

specifically in regions with limited ground observations. Since these products captures 

the spatial and temporal dynamics of rainfall at fine resolution, they enable more robust 

and comprehensive evaluations of erosivity.  

2.4 Return Period Analysis 

The concept of return period was first introduced by Fuller (1914) and it has a legacy of 

more than a century and continues to hold significant importance in hydrology as well as 

other branches of geoscience (Volpi et al., 2015). Despite its long history, the concept 

remains highly relevant and is widely used in many recent studies. For example, Alam et 

al. (2018) conducted a research on finding the best-fit probability distributions and return 

periods for maximum monthly rainfall in Bangladesh. They presented the return levels 

corresponding to 10 year, 25 year, 50 year and 100 year return period. Perez et al. (2021) 

studied the rainfall time series with application to calculation of return periods. They 
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established benchmark precipitation values and derived more reliable return period 

estimates, even in situations where long-term historical rainfall records were not 

available. The statistical analysis produces return period curves, showing how often 

extreme rainfall of different intensities is likely to occur. The concept of return period is 

most widely used in flood frequency analysis, helping to understand how often extreme 

floods are likely to occur. Some of the recent studies includes, a study by Kousar et al. 

(2020), where they found the best-fitting distribution and used that to estimate design 

floods (maximum flow) for 5, 10, 25, 50, 100, 200, 500, and 1000 years in the Ume River, 

Sweden. Mangukiya et al. (2022) performed the flood frequency analysis and inundation 

mapping for lower Narmada Basin, India. The main objective of the study was to project 

peak floods corresponding to various return periods (10, 25, 50, and 100 years) and to 

map the expected flood inundation under those scenarios. However, only a few studies 

have explored the application of the return period concept in the context of rainfall 

erosivity. 

2.4.1 Use of Return Period in Rainfall Erosivity Study 

Ferro et al. (1991) used the return period concept in Sicily, Italy and an erosion risk index 

was developed during the study, which is a ratio between 50 years return period R factor 

and the mean annual R value calculated as per Wischmeier and Smith (1978). A 

significant discovery from their research was that locations with comparable mean R 

values exhibited substantial variation in erosion risk index values. This suggests that 

regions with identical average annual R factor may exhibit varying R factors 

corresponding to a return period. Thus, as a result two area will be considered as equally 

erosive by rain if the mean annual R factor is same, but which may not be true all the 

time. In the same line, Aronica and Ferro (1997) determined the erosion risk index in 

Calabrian Region. They computed the R factor as per Arnoldous (1980) and found similar 

results. Diodato and Bellocchi (2009) analysed 138 years (1869 to 2006) rainfall data to 

study the variability of erosivity and erosive extremes at Benevento, South Italy. They 

computed correlation coefficient of seasonal contribution and annual erosivity for two 

return periods, 2 year and 50 years. It was found that autumn season shows the highly 

significant positive correlation for both the return periods. Martins et al. (2010) conducted 

a return period analysis of rainfall erosivity in an experimental watershed at Aracruz, 

Brazil, and reported that the return period of the annual average R factor was 3.4 years. 

Taguas et al. (2011) in southern Spain found that the annual average rainfall erosivity 
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falls between 2 and 5 year return period value. Both the above studies show the level of 

underestimation of soil erosion in designing soil conservation structure when the average 

rainfall erosivity is used. The hypothesis proposed by Bagarello et al. (2011) states that 

in designing soil conservation structure, it is not enough to just consider the average soil 

loss. Instead, designs should account for soil loss associated with a specific return period. 

They found that the frequency distribution of soil loss events closely follows the 

frequency distribution of rainfall erosivity events. Based on this finding, they proposed 

that annual soil loss corresponding to a given return period can be estimated indirectly 

from rainfall erosivity records, using a frequency factor. Sadeghi et al. (2017) evaluated 

spatiotemporal variation of R factor for various return period using data from 70 rain 

gauge station in Iran. Return period analysis of soil erosion and sediment yield provide 

the stakeholders to choose best option for soil erosion control and management structure 

utilizing information of past events. However, the ultimate decision-making process is 

influenced by several factors, including project costs, objectives, and other relevant 

considerations (Sadeghi et al., 2017).  In a recent study conducted by Zhou et al. (2023) 

in Three Gorges Reservoir, China, researchers found that Rainfall erosivity is the main 

driver of erosion on bare uplands. The study focused on identifying which types of rainfall 

events exert greater influence on soil erosion in different seasons. They found that in the 

dry season, rare but strong rainfall events (with return periods between 5 and 20 years) 

caused most of the soil erosion, contributing more than 65% of total erosion. In the wet 

season, more common rainfall events (with return periods 1–2 years) contributed almost 

50% of the total erosion. 

2.5  Calibration of satellite rainfall dataset 

Satellite estimates are indirect measurements, and they inherently contain regional and 

seasonal systematic biases and random errors. To correct these, satellite precipitation data 

are often calibrated with ground-based observations. The Global Precipitation 

Climatology Project (GPCP) played a pioneering role in developing calibration 

algorithms for satellite-only precipitation estimates, particularly in generating its widely 

used Satellite Gauge (SG) products at 2.5° monthly resolution. To correct regional biases 

in multi-satellite estimates, the satellite-only fields were first adjusted by multiplying 

them with a ratio. The ratio is between the large-scale average from gauge analyses and 

the corresponding large-scale average of the multi-satellite estimate, calculated using a 5 

× 5 moving window. This bias-adjusted satellite field was then merged with the gauge 
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analysis through inverse error variance weighting, which yields the final SG precipitation 

product (Adler et al., 2018, 2003; Huffman et al., 1997). 

Mitra et al. (2009) combined the TMPA satellite product with rainfall data from IMD rain 

gauges to create a daily merged gauge satellite dataset, named as NMSG having a spatial 

resolution of 1°. The NMSG product offers enhanced accuracy and reliability by 

integrating gauge observations with satellite estimates and making it a more robust 

representation of daily precipitation. A two-step strategy has been developed by Xie and 

Xiong (2011) to improve multi-satellite precipitation estimates by integrating them with 

gauge observations. In the first step, multi-satellite data is adjusted so that its rainfall 

distribution matches the gauge data. The systematic biases in the multi-satellite 

precipitation fields are removed through probability density function (PDF) matching 

between satellite and gauge data. In the second step, the bias-corrected CMORPH is 

treated as the first guess. The gauge analysis is treated as the observation. The optimal 

interpolation (OI) method is used to adjust the first guess toward the gauge observations, 

based on their error statistics. Mega et al. (2014) describe the development of the 

GSMaP_Gauge product, where the original GSMaP satellite precipitation estimates are 

bias-corrected using a Probability Density Function (PDF) matching technique, and then 

further adjusted with CPC daily gauge analysis (0.5⁰ resolution). This two-step procedure 

improves the agreement of GSMaP with ground observations. 

The IMERG (Integrated Multi-satellitE Retrievals for GPM) final run product corrected 

multi-satellite only precipitation estimates (0.1°/half-hourly) at the monthly scale by 

leveraging the 1° monthly precipitation datasets from the Global Precipitation 

Climatology Centre (GPCC) (Huffman et al., 2019). Gairola et al. (2015) improved 

rainfall estimation over India, particularly during the southwest monsoon season, by 

combining data from, Kalpana-1 satellite and Rain gauge data. The technique used is 

called successive correction method or objective analysis. The objectively analysed 

rainfall showed noticeable improvement over satellite-only estimates, especially in 

southern India. Ma et al. (2020) designed a new calibration method called the Daily 

Spatio-Temporal Disaggregation Calibration Algorithm (DSTDCA) to calibrate IMERG 

(0.1⁰/ half hourly) precipitation data at daily scale by using APHRODITE (Asian 

Precipitation - Highly-Resolved Observational Data Integration Towards Evaluation) 

(0.25⁰/ daily) ground based gridded dataset over Asia. They named the new dataset as 

AIMERG having 0.1⁰ spatial resolution and half hourly temporal resolution. The IMERG 
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half-hourly (0.1⁰) data are aggregated to daily scale to derive spatial disaggregation 

weights using a 3×3 moving window. The spatial weights capture relative rainfall patterns 

by comparing central grid values with neighbourhood averages. The temporal 

disaggregation weights are computed as ratios of half-hourly to daily IMERG rainfall. 

The daily APHRODITE (0.25°) data are combined with IMERG spatial weights for 

spatial calibration. Finally, calibrated daily IMERG data is downscaled to half-hourly 

using temporal weights, producing high-resolution rainfall estimates. Xu et al. (2021) 

used the DSTDCA algorithm developed by Ma et al. (2020) to improve the IMERG 

estimates by using daily precipitation data from National Oceanic and Atmospheric 

Administration (NOAA) Climate Prediction Center (CPC) over Beijing-Tianjin-Hebei 

urban agglomeration. The IMERG Calibrated data of this study performed much better 

than IMERG (Final). Kumar et al. (2022) adjusted the high-resolution rainfall product 

GSMaP (Global Satellite Mapping of Precipitation) (0.1⁰/ hourly) over India using IMD 

rain gauge gridded measurement (0.25⁰/ daily). They used the procedure developed by 

Mega et al. (2014). 

2.6  Climate change study on Rainfall Erosivity 

Intergovernmental Panel for Climate Change (IPCC) reported in 2019 that the climate 

change could exacerbate the current land degradation and soil erosion scenario due to 

extreme precipitation events. The intensification of rainfall will directly enhance its 

erosive potential and accordingly rainfall erosivity will be increased. As per RUSLE 

method the soil loss from an area is directly influenced by rainfall erosivity factor, 

provided that all other factors remain unchanged, thus it is evident that any alteration in 

rainfall patterns due to climate change will significantly impact soil erosion dynamics 

(Nearing, 2001). The interaction between shifting climatic patterns and changing land use 

practices can substantially accelerate global water-induced soil erosion. Projections 

indicate that these combined influences may lead to an estimated 30% to 60% rise in soil 

erosion rates (Borrelli et al., 2020; Panagos et al., 2022a). A detail understanding of how 

climate change influences the R factor is crucial for devising improved land resource 

management strategies. 

2.6.1 Regional Studies 

Nearing (2001) was one of the pioneering researchers to explore the effect of climate 

change on rainfall erosivity. They used empirical formula proposed by Arnoldous (1980). 

They used two Atmosphere-Ocean Global Climate Models to simulate how rainfall might 
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change under climate change scenarios in the 21st century in the United States. They then 

used these rainfall projections to estimate how rainfall erosivity might change over time. 

In Africa, Maeda et al. (2010) investigated the Eastern Arc Mountains in Kenya, a region 

vulnerable to soil erosion due to steep slopes and intensive rainfall. They computed the R 

factor using the method developed by Renard and Freimund (1994) and analysed under 

three climate change scenarios (A1B, A2, B1) based on ECHAM5 GCM projections. In 

Japan, Shiono et al. (2013) examined future rainfall erosivity in farmland areas using the 

method proposed by Yu et al. (2001). They utilized daily precipitation data from the 

regional climate model RCM20 under the A2 scenario to project changes in R-factor. 

Southeast Asia has been represented by studies such as Plangoen and Babel (2014) for 

the Upper Nan watershed in Thailand, where the R-factor was estimated based on the 

observed relationship between monthly precipitation and rainfall erosivity. They used 

four climate models under A2 and B2 scenarios to predict R-factor changes from 2011 to 

2098. Pheerawat and Udmale (2017) similarly investigated the Huai Luang watershed in 

Northeastern Thailand, establishing a relationship between monthly precipitation and 

monthly R-Factor to compute the future R factors under RCP4.5 and RCP8.5 scenarios. 

In Australia, Yang et al. (2015) developed a daily rainfall erosivity model for the Greater 

Sydney Region and used high-resolution (2-km) regional climate model projections for 

2040–2059.  

In Brazil, de Mello et al. (2015) projected future increases in rainfall erosive power in the 

Grande River Basin using empirical approach of Renard and Freimund (1994) for 

computing R factor under the A1B scenario, analysing three time slices: 2011–2040, 

2041–2070, and 2071–2098. Almagro et al. (2017)  used downscaled outputs from 

HadGEM2-ES and MIROC5 under RCP4.5 and RCP8.5 and applied 84 region-specific 

regression equations (Oliveira et al., 2014) to estimate historical and projected R-factor 

values. In the United States, Biasutti and Seager (2015) employed downscaled rainfall 

data from 21 CMIP5 models, calculating R-factor using Renard and Freimund (1994), 

and concluded that rainfall erosivity is expected to increase under climate change across 

most regions. 

Central Asia has been investigated by Duulatov et al. (2019) and Gafforov et al. (2020). 

Both studies used Renard and Freimund (1994) and analysed multiple GCMs under 

RCP2.6, RCP4.5, and RCP8.5 emission scenarios for future periods ranging from 2030 

to 2070. In Southern Europe, Vantas et al. (2020) estimated R factor using monthly 
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erosivity density in Greece, while Panagos et al. (2022, 2017) applied Gaussian Process 

Regression to project future R factor under multiple GCMs and emission scenarios. 

Unlike conventional regression models, GPR treats regression as a probabilistic problem. 

These studies underscore the importance of statistical and machine learning approaches 

in capturing regional variations in rainfall erosivity under climate change.  

China has performed several studies assessing future rainfall erosivity under different 

warming scenarios. Li et al. (2021)  predicted rainfall erosivity under stabilized 1.5–2°C 

warming using a daily data approach proposed by Zhang et al. (2002). Wang et al. (2023) 

evaluated rainfall erosivity using bias-adjusted CMIP6 models under SSP126 and SSP585 

scenarios and employed the method of Xie et al. (2016) for R factor computation. These 

studies indicate that large portions of China may experience significant increases in 

rainfall erosivity. 

In Iran, Azari et al. (2021) examined future R factor variations across different 

homogeneous precipitation zones, using regression equations under three GCMs (RCP4.5 

and RCP8.5). Hateffard et al. (2021) focused on central Iran, computing R-factor using 

the empirical formula of Arnoldous (1980) with HadGEM2-ES projections under 

RCP2.6, 4.5, and 8.5 for 2050 and 2070.  

2.6.2 Global Studies 

Global-scale studies on rainfall erosivity provide insights into broad patterns of climate 

change impacts on soil erosion. Panagos et al. (2022b)  conducted the first global-scale 

projection of rainfall erosivity under climate change, employing 19 GCMs with RCP2.6, 

4.5, and 8.5 emission scenarios. They applied Gaussian Process Regression (GPR) to 

predict the R-factor for the periods 2041–2060 and 2061–2080. More recently, Chen et 

al. (2024) examined rainfall erosivity at a global scale, establishing a strong power-law 

relationship between precipitation and the R-factor. They used multiple CMIP6 Shared 

Socioeconomic Pathway (SSP) scenarios (SSP126, SSP245, SSP585) to estimate future 

R-factor values, providing one of the most comprehensive assessments of projected 

global rainfall erosivity. 

2.6.3 Indian Studies 

India has been the focus of several studies assessing future rainfall erosivity under both 

river basin and regional scales. Mondal et al. (2016)  examined part of the Narmada River 

Basin, computing R-factor using the Arnoldous (1980) method applied to HadCM3 (A2, 

B2) and CGCM3 (A1B, A2) projections. Khare et al. (2017) assessed the Mandakini 
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River Basin using statistically downscaled HadCM3 outputs under the A2 scenario, 

applying the empirical approach proposed by Babu et al. (2004) for R-factor computation. 

Towheed and Roshni (2021) studied the Kosi River Basin, employing Renard and 

Freimund (1994) with four GCMs under RCP2.6, RCP4.5, and RCP8.5 scenarios, while 

Das and Jain (2023) predicted future R-factor under CMIP6 SSP245 and SSP585 using 

Gaussian Process Regression for entire India. Islam and Chakma (2024) analysed the 

Jhelum Catchment using six CMIP6 models and the R factor was computed by an 

equation derived using Modified Fournier Index (Renard and Freimund, 1994). 

2.6.4 R factor Estimation Methods 

Across global, regional, and Indian studies, empirical methods such as Arnoldous (1980) 

and Renard and Freimund (1994) remain widely applied due to their simplicity and ability 

to estimate R-factor from available rainfall data. The Babu et al. (2004) and Yu et al. 

(2001) methods are found to be used in some basin-specific studies. The Modified 

Fournier Index (MFI), often combined with regression equations (Renard and Freimund, 

1994), has been applied to quantify R-factor across heterogeneous climatic zones, as seen 

in studies from India, Brazil, and Iran. Moreover some more approaches such as Zhang 

et al. (2002) and Xie et al. (2016) are used in China and Yu et al. (2001) used in Japan. 

Recent advances have seen the application of statistical and machine learning approaches, 

most notably Gaussian Process Regression, which allows probabilistic modelling of R-

factor under multiple GCM projections and scenarios. 

2.7 Empirical Equation for computing Rainfall Erosivity 

As per RUSLE handbook, the computation of R factor needs very high temporal 

resolution pluviographic rainfall data for an extended period (Wischmeier and Smith, 

1978). In most part of the world, such long term high-resolution rainfall data are very 

scarce (Cohen et al., 2005; Yu et al., 2001). Due to such unavailability of required data, 

researchers proposed some simplified methods to evaluate the R factor based on readily 

available data along with various hydrologic or geographical parameters. Many 

researchers used annual precipitation to predict Rainfall erosivity factor and found a 

significant correlation (Bergsma et al., 1996; Roose, 1975; Stocking and Elwell, 1976; 

Torri et al., 2006; Xin et al., 2011; Yang et al., 2003). The reason for choosing annual 

rainfall data may be due to its availability and reliability in many parts of the world. 

Among the researchers Roose (1975) was one of the first to relate annual precipitation 
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with annual rainfall erosvity factor (R), he proposed that the long term rainfall erosivity 

factor is 0.5 times the mean annual rainfall for the west Africa region. He used this 

relation to prepare the isoerodent map for west Africa (Morgan,1986). Later, Stocking 

and Elwell (1976) in Rhodesia found that mean annual rainfall can be related well with 

long term rainfall erosivity factor. They gave a table of mean annual rainfall and 

respective Rainfall erosivity factor (R) values. They suggested a change of 400 

MJ.mm.ha-1.h-1.year-1 of R factor per 100 mm increase in mean annual rainfall (K. G. 

Renard and Freimund, 1994). In recent times also many researchers have used annual 

precipitation to get rainfall erosivity factor. Among which Lee and Heo (2011), who used 

a linear equation to find rainfall erosivity for Korea and Bonilla & Vidal (2011), who 

used a power function to find rainfall erosivity factor for Central Chile are worth 

mentioning.  

Although the method mentioned in RUSLE handbook (Renard et al., 1997) gives the 

accurate determination of Rainfall Erosivity Factor (R), but many studies suggest that 

monthly rainfall data can provide a reasonable estimate of R factor in various parts of the 

world (K. G. Renard and Freimund, 1994). But it is suggested to use those equations in a 

location with similar climatic conditions as the source location. The use of monthly or 

daily rainfall data can provide more information regarding rainfall erosivity of individual 

storm events more accurately than annual rainfall data (Xin et al., 2011). Monthly 

erosivity also helps in land management in the region of high temporal variation of 

rainfall throughout the years (Diodato, 2004; Panagos et al., 2014). Other than Annual 

and monthly precipitation, many researchers used various combinations of parameters to 

predict the Rainfall erosivity factor. One very popular among those is Modified Fournier 

Index (MFI) developed by Arnoldous (1977) in Morocco. The monthly rainfall of each 

month was combined with the annual rainfall to establish the index. The index showed a 

significant correlation with rainfall erosivity factor, and using this index he produced 

erosivity maps of the Middle East, Africa (part in the north of the equator) and 16 

countries of European Union (Morgan R.P.C., 1986). Later many researchers used MFI 

to get rainfall erosivity factor in various parts of the world. Ferro et al. (1991) used the 

average value of MFI for N no. of years and successfully calculated R factor of southern 

Italy and south-eastern Australia. Renard and Freimund (1994) proposed two pairs of 

composite relationships to relate R Factor with average annual rainfall and MFI. The 

composite relationships are a combination of polynomial fit and power function fit.  
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Some more such relationships are as follows, Schulze and Smith (1982) in South Africa 

related the R factor, calculated from 13 key stations, with one of the four possible indices 

viz. total rainfall, effective rainfall, MFI and burst factor. Spanish Nature Conservation 

Institute used maximum monthly precipitation, precipitation from October to May, and 

the ratio of the square of maximum annual daily rainfall to the sum of maximum daily 

rainfall of all the months in that year (Hernando et al., 2015; ICONA, 1988). Loureiro 

and Coutinho (2001) developed some multiple linear regression models and found a 

significantly good result. They tried to relate monthly EI30 values with rain10 and days10 

for Portugal. The rain10 is the monthly summation of daily rainfall having value greater 

than 10 mm, and days10 is the number of days of a month having the daily rainfall value 

greater than 10 mm. Shamshad et al. (2008) proposed three procedures by combining 

rain10, days10, storm rainfall, duration and Fournier index to compute rainfall erosivity 

factor for Malaysia. MedREM was proposed by Diodato and Bellocchi (2010) for the 

Mediterranean region. They developed a complicated model and incorporated annual 

maximum daily precipitation and a coefficient dependent on longitude to predict Rainfall 

erosivity factor. In India also some studies related to the derivation of an alternative 

method for calculating rainfall erosivity factor were performed. Singh et al. (1981) 

proposed an annual and seasonal rainfall erosivity equation for entire India. They used 

average yearly rainfall to get annual R factor, and seasonal average rainfall (June to 

September) to get seasonal R factor (Farhan and Alnawaiseh, 2018; Ghosh et al., 2013; 

Khare et al., 2017b; Kumar et al., 2014). Babu et al. (2004) prepared a refined Iso-erodent 

map of India by using rainfall data of 123 stations. They used annual rainfall to get the R 

factor value, and the relationship holds good when the yearly rainfall lies between 340 

mm and 3500 mm (Benavidez et al., 2018; Kalambukattu and Kumar, 2017). 

2.8  Methods of Disaggregation of Rainfall 

Rainfall disaggregation models are basically employed to derive sub-daily rainfall time 

series from daily data. Onof et al.(2000) classified the different methodologies used for 

rainfall disaggregation into four distinct categories based on their underlying principles 

and approaches. These include complicated process-based meteorological models, multi-

scale stochastic techniques such as multi-fractal cascades, statistical models that rely on 

observed rainfall characteristics, and point process stochastic models utilizing Poisson 

cluster mechanisms. The poisson clustered models are commonly favored due to their 

adaptability and the remarkable accuracy (Burton et al., 2010; Cowpertwait et al., 2013). 
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They are also advantageous when used in application such as climate change (Burton et 

al., 2010). 

Many researches on rainfall modelling has utilized two distinct Poisson clustered 

approaches: Neyman Scott and Bartlett Lewis. Diez-Sierra and del Jesus (2019) used 

Neyman Scott process to generate synthetic hourly rainfall data in Spain. This work 

provided a robust machine learning methodology to generate realistic hourly rainfall from 

daily records in Spain, improving upon earlier regression methods. 

Diez-sierra et al. (2023) developed a python library called NEOPRENE, which is the first 

open-source python library designed for stochastic rainfall simulation built upon the 

spatiotemporal Neyman Scott process. NEOPRENE is a powerful and robust tool that can 

be used for analysis of extreme rainfall events and the disaggregation of rainfall data for 

finer resolution. 

2.8.1 Application of Disaggregation of Rainfall 

The rainfall disaggregation method has been used extensively in many previous studies. 

Some of the major applications are as follows: disaggregation of daily rainfall for 

continuous watershed modelling (Socolofsky et al., 2001). They applied on Upper 

Charles River Watershed (UCRW), Massachusetts for this purpose. After using 

disaggregated hourly rainfall, the streamflow simulation improved compared to using 

hourly rainfall from outside the watershed and the total contaminant loads were simulated 

accurately. The hydrology simulation of Xiaolihe Watershed, Yellow river (He et al., 

2010). The hourly rainfall series was applied to simulate hydrology and sediment 

transport in Xiaolihe Watershed using the Digital Watershed Model. The results showed 

that the method works well for disaggregating daily rainfall into hourly data and can 

support large-scale calculations for rainfall-runoff and soil erosion simulations. 

Mirhosseini et al. (2013) performed a study on impact of climate change on rainfall IDF 

curves in Alabama. This study applied a modified form of the stochastic downscaling 

approach introduced by Socolofsky et al. (2001). Tayşi and Özger (2022) temporally 

disaggregated future GCM projections to develop IDF curves, which were then used to 

evaluate urban flood risks in Northeastern Turkey. They used Bartlett - Lewis based 

HYETOSMinute R package for rainfall disaggregation. Alzahrani et al. (2023) examined 

the effectiveness of temporal disaggregation techniques in converting daily to sub-daily 

rainfall for Intensity-Duration-Frequency (IDF) curve estimation in a changing climate. 

In their study they proposed new simple stochastic model for rainfall disaggregation. 
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Studies have also highlighted the application of rainfall disaggregation techniques in 

assessing rainfall erosivity. One such study is by Jebari et al. (2012), where they used 

cascade disaggregation model to disaggregate daily rainfall to some finer time scale 

rainfall data to compute rainfall erosivity and soil erosion. They claimed that the 

outcomes were encouraging and could serve as a valuable resource for improving the 

management of soils prone to erosion. They used this method to calculate the soil erosion 

of Jannet catchment of Tunisia.  

2.9 Conclusion from the literature review and research gap 

As per ISRO (2021), approximately 36.20 million hectares, accounting for 11.01% of 

India’s total geographical area, are affected by land degradation caused by water erosion. 

The detachment and loss of fertile topsoil is the primary consequence of water erosion, 

which in turn triggers various other environmental challenges. Therefore, it is necessary 

to study the various aspects of water induced soil erosion. Among the key factors that 

influence water erosion, the erosive power of rainfall plays a crucial role. With the starting 

of climate change, this issue has further intensified, as rainfall erosivity depends on both 

rainfall depth and intensity. The increasing frequency of high intensity rainfall events 

under changing climatic conditions has further aggravated the soil loss scenario. 

The literature reveals that numerous studies have been conducted on rainfall erosivity 

across India at both national and regional scales. Most of these studies have relied on 

empirical equations to estimate the rainfall erosivity factor (R-factor), with only a few 

focusing on small catchments where the standard method outlined in the Revised 

Universal Soil Loss Equation (RUSLE) Handbook was applied. A notable exception is 

the isoerodent map of India developed by Babu et al. (2004, 1978), in which the R-factor 

was computed using the standard method; however, interpolation techniques were 

employed to generate the final map. Due to the application of interpolation methods, there 

is a strong probability that a significant level of uncertainty will be observed in the rainfall 

erosivity values of transition areas. Moreover, such stations are not uniformly distributed, 

which leads to erroneous results in areas with limited number of stations or no stations. 

However, in recent times, the availability of remotely measured precipitation data has 

changed the scenario, and it has become very useful in computing R factor in the data-

scarce region. Precipitation data is now readily accessible with exceptional temporal and 

spatial resolution. Building upon this technological progress and addressing the identified 

research gaps, the present study aims to generate a national scale rainfall erosivity map 
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for India using high-resolution satellite precipitation data. Additionally, this study 

undertakes an extensive spatiotemporal analysis of rainfall erosivity across the country, 

an area of research that remains largely unexplored in the Indian context. 

The concept of return period has been widely applied across various scientific and 

engineering disciplines; however, its application in rainfall erosivity studies remains 

relatively limited. In particular, no such studies have been reported in the Indian context. 

Also, there is not any prior global research which utilized the high-resolution satellite 

precipitation products for this purpose. Thus, this study presents an approach that 

combines the standard procedure of frequency analysis with the R factor calculation 

method from the RUSLE handbook, to estimate and map the rainfall erosivity factor for 

various return periods using high spatiotemporal resolution precipitation product. 

The satellite-based precipitation products, despite their remarkable spatial and temporal 

coverage, are not without limitations. Literature indicates that the IMERG precipitation 

product often exhibits reduced accuracy in regions characterized by complex topography 

and high-intensity rainfall. To address these discrepancies, several studies have attempted 

to calibrate IMERG data against various ground-based rainfall observations. Among the 

available ground-based datasets, the IMD 0.25⁰ gridded rainfall product is one of the most 

widely used and reliable observational datasets in India. However, no study has employed 

this IMD gridded dataset for the calibration of IMERG data to date. Thus, the present 

study undertakes the calibration of IMERG precipitation estimates using the IMD dataset. 

Intergovernmental Panel for Climate Change (IPCC) reported in 2019 that the climate 

change could exacerbate the current land degradation and soil erosion scenario due to 

extreme precipitation events. The intensification of rainfall will directly enhance its 

erosive potential and accordingly rainfall erosivity will be increased. As per RUSLE 

method the soil loss from an area is directly influenced by rainfall erosivity factor, 

provided that all other factors remain unchanged, thus it is evident that any alteration in 

rainfall patterns due to climate change will significantly impact soil erosion dynamics. 

The interaction between shifting climatic patterns and changing land use practices can 

substantially accelerate global water-induced soil erosion. A comprehensive 

understanding of how climate change influences the R-factor is crucial for devising 

improved land resource management strategies. Many regional as well as global studies 

have been undertaken to investigate how climate change alters the R factor in all over the 
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world using CMIP6 or earlier CMIP datasets. The future precipitation data from GCMs 

are provided on a daily scale, whereas the standard RUSLE methodology necessitates 

sub-daily rainfall data for accurate computation of the R factor.  

The literature revealed that in most of the past studies, future rainfall erosivity was 

predicted by generating equation or alternative models that derive erosivity from daily 

rainfall data, rather than applying the standard computation method. In hydrological 

research, rainfall disaggregation techniques have been widely employed in studies 

requiring fine temporal resolution data. However, the application of rainfall 

disaggregation approaches in the estimation of rainfall erosivity remains very limited. 

Notably, no study in India has yet employed rainfall disaggregation for erosivity 

estimation, nor has this approach been utilized in climate change impact assessments 

globally. In this research work an effort will be made to disaggregate the daily rainfall to 

hourly rainfall and rainfall erosivity is calculated by standard method. 
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Chapter 3                                                                            

 Preparation of Rainfall Erosivity factor map and 

analysis of spatiotemporal variation 

 

3.1 Introduction 

Rainfall erosivity represents the potential of rainfall to initiate soil erosion (Lal, 2001). 

The Rainfall Erosivity factor (R) or simply R Factor of the Universal Soil Loss Equation 

(USLE), as derived by Wischmeier and Smith (1978), was determined based on extensive 

study records from various research sources. While keeping other factor constant, the 

amount of soil loss happening in a cultivated field exhibits a direct proportionality to the 

parameter represented by the multiplication of the energy of a rainfall event (E) and the 

maximum 30-minute intensity (I30) of that rainfall event. Rainfall energy alone does not 

effectively represent the erosive potential. As a long, gentle rain and a short, intense storm 

can yield the same energy value despite differing impacts. However, instead of that, 

raindrop erosion is more strongly driven by rainfall intensity. The I30 factor captures the 

high intensities crucial for detachment and runoff, while the EI30 term represents the 

interaction between total storm energy and peak intensity, reflecting the combined effects 

of particle detachment and transport capacity. The accumulation of EI30 values of the 

storm events within a specific timeframe serves as a quantitative assessment of the erosive 

capacity of rainfall in that duration. The annual average of cumulative EI30 values is 

known as Rainfall Erosivity Factor (R) (Renard et al., 1997). In the Revised Universal 

Soil Loss Equation (RUSLE), the fundamental concept of the R factor remains unchanged 

from the original USLE, with modifications applied only to the equation used for 

calculating the rainfall event energy (E). The R factor of RUSLE captures the erosive 

potential of rain drop impact and associated surface runoff. It reflects both the intensity 

and volume of precipitation along with their role in initiating soil detachment and erosion 

during storm events. 

A spatially distributed R factor map is crucial for a country like India due to its diverse 

topography, wide climatic zones and varied rainfall patterns. Soil loss in India 

significantly affects agricultural productivity of the country. A spatially distributed soil 

loss map helps in identifying the erosion prone areas and supports sustainable land 

management practices. To compute the R factor high temporal resolution rainfall data is 
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required, but this type of data is scarce in India. Scarcity of such data is more profound 

in remote and mountainous regions where the rain gauge network is sparse or absent. 

Moreover, rain gauge data represent point measurements and do not adequately capture 

the spatial variability of rainfall, specifically in complex terrains. Consequently, 

interpolating these sparse data to generate R factor maps introduces significant 

uncertainties. But satellite rainfall data provides an effective solution to this limitation 

due to its spatially continuous precipitation measurements with high temporal resolution. 

A widely used such satellite rainfall data is IMERG (Integrated Multi-satellitE Retrievals 

for GPM) developed by NASA, which has 0.1⁰ spatial resolution and 30-minute temporal 

resolution.  

In this study, IMERG data are used to compute the R factor and generate a high resolution 

R factor map for India without using interpolation method. This approach utilises the 

advantages of satellite observations to improve the accuracy and spatial coverage of 

rainfall erosivity assessments across India. Furthermore, this chapter presents an 

extensive analysis of the spatiotemporal variation of the R factor over India, providing 

valuable insights into its annual, seasonal, monthly and regional patterns and trends. 

3.2 Materials and methodologies 

3.2.1 Study area 

In terms of geographical extent, India falls in the seventh position among all the countries 

of the world, having an area of 32,87,263 sq. km. The country is situated entirely in the 

northern hemisphere. The latitudinal extent of the mainland of India is between 8° 4' N 

and 37° 6'N, and the longitudinal extent is between 68° 7' E and 97° 25' E. India’s climate 

is predominantly characterized as Tropical monsoon. The climate is subdivided into four 

main seasons in India, the winter starts in January and ends in February, the Pre-monsoon 

starts in March and is available till May, the Southwest monsoon starts in June and lasts 

up to September, and the Post monsoon starts in October and ends in December as per 

Indian Meteorological Department (IMD). India consists of six major climate subtypes 

as per the Koppen Geiger climate classification system, namely tropical wet, tropical wet 

and dry, arid, semi-arid, humid sub-tropical and mountain. The amount of rainfall in India 

ranges from 300-500 mm in regions like Rajasthan in the west to 3,500-4,000 mm in 

regions like Meghalaya in the North-East (Jain, 2019). In July, a peak rainfall of about 

300 to 350 mm is experienced by India, while January witnesses the lowest rainfall of 

around 16 to 18 mm (Poornima et al., 2023). The primary divisions of the Indian mainland 
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include the great mountain range, the plains surrounding the Ganga and Indus rivers, the 

desert area, and the southern peninsula. The study will be focused on Mainland India, 

however the Ladakh Union Territory also excluded due to the presence of a lot of missing 

precipitation data in IMERG half hourly dataset. The study area is shown in Figure 3.1. 

 

Figure 3.1 Study area 

3.2.2 Global Precipitation Measurement Mission (GPM) Product 

The IMERG is the multi-satellite precipitation algorithm produced by NASA (Huffman 

et al. 2019). IMERG is a collection of a suite of multi-satellite precipitation products that 

offer exceptionally high spatial (0.1° x 0.1°) and temporal resolution (half-hourly). The 

majority of satellite-based precipitation products rely on Passive Microwave Sensors, 

primarily obtained from low-Earth-orbit (leo) platforms. However, IMERG stands out by 

utilising a combination of Leo-satellites and Geosynchronous Earth Orbit (geo) infrared 

(IR) estimations to provide the precipitation data. In the research version product, bias 

adjustments are applied using monthly rainfall data from the Global Precipitation 

Climatology Center (GPCC). Three distinct products are available for IMERG, Early 

(available after four hours of detecting time), Late (available after Fourteen hours), and 

Final satellite gauge product (available after 3.5 months of observation month). The latest 

version is V06B and the product has been available from June, 2000 to till date and the 

spatial coverage is -180.0, -90.0, 180.0, 90.0. In our study, we have used the data from 
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01/01/2001 to 31/12/2020 (20 years) of the Final satellite-gauge product covering whole 

India, excluding the Island Union Territories. We have also excluded the Ladakh Union 

Territory due to the presence of a lot of missing precipitation data. Thus, the study will 

cover 27,338 grid points, and in each grid point the rainfall erosivity factor will be 

calculated. 

3.2.3 Calculation of Rainfall Erosivity Factor or R factor 

Brown and Foster (1987) proposed a relationship in the form of an equation to establish 

a connection between rainfall kinetic energy (er) and intensity of rainfall (i). 

𝑒𝑟 = 0.29 × [1 − 0.72 × 𝑒𝑥𝑝⁡(−0.05. 𝑖)]                                                   (3.1)               

where 𝑒𝑟= energy in MJ.ha-1.mm-1 and 𝑖 = Intensity of rainfall in mm.h-1 

Then rainfall erosivity factor (R) can be calculated as 

𝑅 =
∑ (𝐸𝐼30)𝑖
𝑗
𝑖=1

𝑁
               (3.2) 

where (𝐸𝐼30)𝑖  = (𝐸𝐼30)𝑖 for storm 𝑖 and 𝑗 = number of storms in an N year period. 

Now, 𝐸 = (∑ 𝑒𝑟𝑣𝑟)⁡
𝑘
𝑟=1 in MJ.ha-1 and 𝐼30= maximum 30 min intensity (mm/hr) 

where 𝑣𝑟 is the rainfall volume (mm) during the 𝑟th time period of a rainfall event divided 

in k parts. 

The Annual Rainfall Erosivity factor can be calculated as : 

Annual Rainfall Erosivity Factor = ∑ (EI30)i
j
i=1                                                (3.3)  

where (EI30)i  denotes the EI30 for rainfall event i⁡and 𝑗 represents the number of rainfall 

events in a year. 

In the calculation of R factor, all the rainfall events are not considered. The rainfall events 

having erosive capacity are only considered. In the RUSLE handbook (Renard et al., 

1997), three conditions are given to identify an erosive rainfall event. 

(1) If a rainfall event has a rainfall depth of less than 12.7 mm then it is not 

considered an erosive event and should be excluded from the R factor 

calculation.  
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(2) But if that rainfall event mentioned in point (1) has a record of rainfall depth 

of 6.35 mm or more fell in 15 min, then the rainfall event is considered as 

erosive and included in the calculation.  

(3) A rainfall event of rainfall depth less than 1.27 mm over a period of 6 hour is 

used to divide a longer rainfall event into two events. 

A visual representation of the above guidelines has been shown with the help an 

example in Figure 3.2. 

 

Figure 3.2 Visual representation of guidelines for erosive event as per RUSLE guidebook 

3.2.4 Trend Analysis 

The non-parametric Mann Kendall Trend Analysis (Kendall, 1975; Mann, 1945) is used 

to detect the presence of any trend in a dataset. The Mann Kendall test is among the 

widely applied trend detecting tests used in various environmental data (Bezak et al., 

2022; Sadeghi and Hazbavi, 2015). The significance level considered is 0.05. The result 

of the trend analysis will give us the presence of positive trend, negative trend or absence 

of any trend. The Mann–Kendall test statistic is given by 

𝑆 = ⁡∑ ∑ 𝑆𝑔𝑛(𝑋𝑗 −⁡𝑋𝑖)
𝑛
𝑗=𝑖+1

𝑛−1
𝑖=1                                                                                                             (3.4) 

where 𝑋𝑗⁡and 𝑋𝑖 are the sequential data values, 𝑛 is the data set record length, and 

𝑆𝑔𝑛(𝜃) = ⁡ {
+1⁡⁡⁡⁡⁡⁡𝜃 > 0
0⁡⁡⁡𝑖𝑓⁡𝜃 = 0
−1⁡⁡⁡⁡⁡𝜃 < 0

}                                                                                                                          (3.5) 
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The mean and variance of 𝑆 statistics are given as 

 E(𝑆) = 0             (3.6) 

𝑉𝑎𝑟 (𝑆) =  
1

18
[𝑛(𝑛 − 1)(2𝑛 + 5) − ∑ 𝑡𝑖(𝑡𝑖 − 1)(2

𝑚
𝑖=1 𝑡𝑖 + 5)]      (3.7) 

where 𝑛 is the number of observations, 𝑚 is the number of tied groups, and 𝑡𝑖 is the 

number of values in the 𝑖th tied group. The standardized Mann Kendall statistic 𝑍 is then 

calculated as: 

𝑍 = ⁡

{
 
 

 
 

𝑆−1

√𝑉𝑎𝑟(𝑆)
 ⁡⁡⁡⁡⁡⁡⁡⁡⁡𝑖𝑓 𝑆 > 0

0 ⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡𝑖𝑓 𝑆 = 0
𝑆+1

√𝑉𝑎𝑟(𝑆)
 ⁡⁡⁡⁡⁡⁡⁡⁡⁡𝑖𝑓 𝑆 < 0

           (3.8) 

here, the sign of 𝑍 indicates the direction of the trend (positive for increasing, negative 

for decreasing), while the magnitude of 𝑍 reflects the strength of the trend. The statistical 

significance of the trend is determined by comparing 𝑍 with the critical value 𝑍1−𝛼
2
 for a 

chosen significance level 𝛼 (0.05 in this study). For 𝛼 = 0.05, 1 −
𝛼

2
 will be 0.975 and 

from the standard normal distribution table, the 𝑍 value corresponding to 0.975 

cumulative probability is 1.96. So, 1.96 is the critical 𝑍 value for Mann Kendall test at 

significance level, 𝛼 = 0.05 or 95% confidence. Thus, |𝑍| > 1.96 corresponds to a 

significant trend at 0.05 significance level. Despite its popularity, the Mann Kendall test 

assumes that the observations are independent. However, hydrological time series often 

exhibit autocorrelation, meaning that values at one time are influenced by previous 

values. If the time series exhibits positive autocorrelation, the standard Mann Kendall test 

underestimates the true variance, potentially leading to false detection of a trend. 

Conversely, in the presence of negative autocorrelation, the variance is overestimated, 

which can mask an existing trend (Hamed, 2008; Hamed and Rao, 1998).  

To address the issues caused by autocorrelation, Hamed and Rao (1998) introduced the 

Modified Mann Kendall test, which adjusts the analysis to account for the presence of 

autocorrelation. The modified test gives a revised equation for variance of S statistics as 

follows 

𝑉𝑎𝑟∗ = 𝑉𝑎𝑟⁡(𝑆). (
𝑛

𝑛𝑒
∗)           (3.9) 
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𝑛

𝑛𝑒
∗ = 1 + (

2

𝑛(𝑛−1)(𝑛−2)
)∑ (𝑛 − 𝑖)(𝑛 − 𝑖 − 1)(𝑛 − 𝑖 − 2)𝜌𝑒(𝑖)

𝑛−1
𝑖=1     (3.10) 

where  𝑛𝑒
∗  is the effective sample size. 𝜌𝑒(𝑖) represents the autocorrelation of the ranks of 

observations and calculated as inverse of the following equation 

 𝜌(𝑖) = 2sin (
𝜋

6
𝜌𝑒(𝑖))        (3.11) 

In this study the Modified Mann Kendall trend test has been performed over 20 years 

Annual R Factor data series of all the grid points at 0.05 significance level (95% 

confidence level). 

While the Mann Kendall and Modified Mann Kendall tests detect the presence and 

direction of trends, they do not quantify the magnitude of change. For this purpose, the 

Sen’s slope estimator (Sen, 1968) is widely employed. Sen’s method calculates the slope 

between all pairs of data points: 

𝑆𝑖 =
𝑥𝑗−𝑥𝑘

𝑗−𝑘
⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡𝑖 = 1,2,3, ……… . , 𝑁       (3.12) 

Where 𝑥𝑗 and 𝑥𝑘 are the values at times 𝑗 > 𝑘 and 𝑁 is the total number of slope estimates. 

The median of all 𝑆𝑖 values give the Sen’s slope. A positive slope indicates an increasing 

trend, while a negative slope indicates a decreasing trend. 

3.2.5 Sensitivity Analysis 

A sample sensitivity analysis was conducted to examine the high dependency of the R 

factor on rainfall intensity. For this analysis, one point from each of the agro-climatic 

zones of India was randomly chosen. The Planning Commission of India (currently the 

NITI Aayog) divided the country into fifteen agro-climatic zones based on physiography, 

geological formation, soil types, climate, cropping patterns, and the availability of 

irrigation and mineral resources. The present study includes fourteen of these zones, 

excluding the island region. Figure 3.3 shows the geographic areas of these agro-climatic 

zones along with their names and the positions of the randomly selected points. The 

sensitivity analysis presented the impact of rainfall intensity errors at various percentages 

(-50%, -20%, -10%, -5%, 5%, 10%, 20%, 50%, and 100%) on the R factor. 
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Figure 3.3 Agro Climatic Zone map of mainland India alongwith the points selected for 

sensitivity analysis 

3.3 Results and Discussion 

3.3.1 Rainfall Erosivity Factor 

In this study, the methodology outlined in the RUSLE handbook (Equation 3.1 and 3.2) 

was followed to compute the rainfall erosivity factor (R factor). The R factor was 

calculated using IMERG 20 years half hourly rainfall data, spanning from 2001 to 2020. 

The resulting spatial distribution of the R factor across the study area is depicted in Figure 

3.4 (a) For the entire study area, the spatial average of the R factor was found to be 

2188.79 MJ.mm/ha.h.year. The R factor is the average value of the annual R factor and 

is also termed as the average annual R factor or mean annual R factor in many previous 

studies (Ferro et al. 1991; Aronica and Ferro 1997; Sadeghi and Hazbavi 2015; Sadeghi 

et al. 2017) . 

The lowest R factor value recorded is 68.28 MJ.mm/ha.h.year, occurring in a location 

within the Lahul and Spiti district of Himachal Pradesh, characterized by a cold-arid 

climate with minimal precipitation. In contrast, the highest R factor value observed was 

18,864.2 MJ.mm/ha.h.year, located in the Lakhimpur district of Assam. For enhanced 

clarity in spatial visualization, the R factor map shown in Figure 3.4 (a) is capped at the 
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99th percentile, corresponding to a maximum R factor value of 8655 MJ.mm/ha.h.year. 

The top one percentile of R factor values are predominantly concentrated in specific 

regions such as parts of North East India and the Western Ghats. These regions are 

characterized by steep terrain promoting orographic lifting which enhances rainfall 

intensity. Mid-range R factor values are distributed across states such as Gujarat, Odisha, 

West Bengal, and Madhya Pradesh, while the rest of India mostly exhibits lower R factor 

values, spread with clusters of mid-range values. 

 

Figure 3.4 (a) Rainfall Erosivity Factor Map of the study area for the period 2001 to 2020 

and (b) Average annual rainfall of the study area for the period 2001 to 2020 

 

Additionally, the annual average rainfall map for the same period (2001–2020) is 

presented in Figure 3.4 (b). Similar to the R factor map, the 99th percentile value was 

selected as the maximum threshold to improve the clarity in visualisation of spatial 

representation. A comparative assessment of both the R factor and the average annual 

rainfall maps reveals a notable spatial similarity, which confirms a direct correlation 

between annual average rainfall and rainfall erosivity. This type of correlation has been 

documented in several prior studies. Notably, Roose (1975) was among the pioneers to 

establish a connection between annual precipitation and the R factor, proposing that in 

the West Africa region, the long-term rainfall erosivity factor is approximately half of the 

mean annual rainfall. More recently, researchers such as Lee and Heo (2011) applied a 
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linear equation to estimate the R factor for Korea, while Bonilla and Vidal (2011) utilized 

a power function approach to derive the R factor for Central Chile. 

To further validate the computed IMERG-based R factor map, a comparison was 

conducted with the global rainfall erosivity map developed by Panagos et al. (2017). They 

generated a high-resolution ground-based R factor map using rain gauge data collected 

from collected from 65 countries. For India, they used hourly data from 247 rain gauge 

stations over a nine-year period (2007–2015). Their approach employed Gaussian Process 

Regression (GPR) to interpolate point-based R factor measurements into a continuous 

map at a spatial resolution of 1 km × 1 km. We have cropped their global R factor map to 

our study area and presented at Figure 3.5 (b). In parallel, we computed the R factor using 

IMERG half-hourly satellite rainfall data for the identical nine-year period (2007-2015) 

and presented it in Figure 3.5 (a). The ground-based R factor map displayed a range from 

0 to 12,437 MJ.mm/ha.h.year, with a mean of 3843.34 MJ.mm/ha.h.year. The 

corresponding IMERG based map ranged from 0 to 20,726 MJ.mm/ha.h.year, with a 

mean value of 2263.46 MJ.mm/ha.h.year, which is approximately 58% of the ground 

based mean. 

A detailed spatial comparison revealed several discrepancies between the two maps. For 

example, within the state of Meghalaya, areas where the IMERG based R factor map 

indicated high erosivity values were found to exhibit considerably lower values in the 

ground-based map. Similarly, in the Western Ghats, the ground-based map failed to 

represent high R factor zones that appeared prominently in the IMERG based map. 

Overall, the IMERG based map predominantly exhibited lower R factor values across the 

study area, whereas the ground-based map showed most areas within the mid-range R 

factor value. Significantly, the IMERG based R factor map tends to show slightly higher 

maximum erosivity values in hotspot regions, suggesting that ground-based map may 

underestimate peak erosivity. These inconsistencies may be due to the limited density of 

rain gauge stations and interpolation errors present in the ground-based map. Given its 

reliance on continuous, gridded satellite data, the IMERG-based R factor map is 

considered more robust in capturing the spatial heterogeneity of rainfall across the region. 
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Figure 3.5 (a) Rainfall erosivity Factor map of the study area using IMERG half hourly 

rainfall data and (b) Rainfall erosivity Factor map using hourly rain gauge data (Panagos 

et al. 2017), for the period 2007 to 2015 

Furthermore, the 20 year IMERG based R factor map was compared with the historical 

Isoerodent map of India developed by Babu et al. (1978), which was derived using data 

from 44 rain gauge stations. The Isoerodent map of India was created using rainfall data 

from 44 rain gauge stations. The spatial distribution observed in the IMERG based R 

factor map aligns closely with the Isoerodent map of India. However, notable variations 

in magnitude were identified between the two maps, the discrepancy may be due to the 

fact that the Isoerodent map was developed four decades ago, and the IMERG based map 

is using recent data. Supporting this observation, Emberson (2023) utilized IMERG data 

for global R factor mapping and found substantial similarity between IMERG-based and 

ground-based R factor maps in Europe and Asia, though notable differences were 

reported in other regions. Similarly, Chen et al. (2021) demonstrated a strong correlation 

between IMERG based R factors and those computed by rain gauge data in China. These 

findings underscore the applicability of satellite datasets like IMERG as reliable 

alternatives for calculating the R factor.  This is particularly relevant in developing 

countries such as India, where high temporal resolution ground-based data are limited or 

unavailable. 

A comparison was also carried out using data from an IMD rain gauge station located 

near Guwahati (geographical coordinates: 91.59°E, 26.11°N). The R factor was computed 

from 13 years of half hourly observed rainfall data at this station. Nine of these years 
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overlap with the available IMERG dataset. For the purpose of comparison, R factor values 

were calculated for four surrounding IMERG grid points, as illustrated in Figure 3.6 for 

the same nine year period. The comparative results are presented in Figure 3.7. The 

analysis indicates a significant anomaly in the year 2007, where the observed R factor 

sharply decreased while all four grid points showed an increasing trend. If we exclude 

this outlier, then the mean R factor of the four grid points closely aligned with the 

observed station data in the remaining years. The observed R factor was found to be 

7891.11 MJ.mm/ha.h.year, whereas the IMERG based average across the four grid points 

was 8708.42 MJ.mm/ha.h.year, approximately 10% higher than the observed value. This 

difference falls within an acceptable range, considering the inherent uncertainties in 

satellite measurements as compared to rain gauge observations. 

 

Figure 3.6 Location information of the IMERG grid points surrounding the rain gauge 

station of India Meteorological Department near Guwahati 

 

Figure 3.7 Temporal variation of annual rainfall erosivity factor of all the four IMERG 

grid points along with their mean value plotted against the observed annual rainfall 

erosivity factor 
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Collectively, these findings proved that high temporal resolution satellite products such 

as IMERG can serve as a reliable source for calculating rainfall erosivity factors, 

especially in regions where ground-based measurements are inadequate or unavailable.  

3.3.2 Non dimensional Rainfall Erosivity Factor Map 

In hydrological studies, a non-dimensional (or dimensionless) map is a valuable analytical 

tool that represents physical quantities in a unitless form. Such transformation is generally 

achieved through normalization or scaling of the parameter of interest relative to a 

characteristic value of the system, such as the mean, maximum or another representative 

statistic. This approach provides the advantage of allowing comparisons across diverse 

geographic regions or temporal scales, which is independent of their absolute magnitudes. 

By eliminating the influence of scale and units, non-dimensional maps facilitate a 

generalized interpretation variability. 

In the present study, the rainfall erosivity factor for each pixel was made non dimensional 

by dividing it by the spatial mean of the R factor for the entire study area. This process 

produced the non-dimensional R factor map, which is presented in Figure 3.8. The results 

reveal considerable heterogeneity in rainfall erosivity across the study area. The minimum 

R factor is found to be 0.03 times the average value, while the maximum reaches as high 

as 8.63 times the average, indicating pronounced spatial differences. 

The spatially distributed non dimensional map highlights the predominance of zones with 

relatively lower erosivity compared to the mean. Approximately 63.48% of the total area 

exhibits R factor values below the average, 28.34% of the area records values within the 

range of one to two times the average, while 4.56% and 2.68% of the area fall within two 

to three times and three to four times the average respectively. The proportion of land 

area exhibiting R factor values exceeding four times the average is comparatively 

negligible, with each class (i.e., four to five, five to six, six to seven, seven to eight, and 

greater than eight times the mean) contributing less than 1% of the total spatial extent. A 

simplified representation has been also provided in Figure 3.9, where the spatial extent of 

areas with R factor values below the average and those above the average are distinctly 

delineated. This classification offers a clear visual of R factor distribution by 

identification of regions that are more vulnerable to soil erosion relative to the broader 

spatial mean. 
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Figure 3.8 Non-Dimensional Map of Rainfall Erosivity Factor 

 

Figure 3.9 Spatial distribution of Rainfall Erosivity Factor value relative to Average 

value 

3.3.3 Monthly variation of Rainfall Erosivity Factor 

The monthly distribution of rainfall erosivity (R factor) across India reveals distinct 

spatiotemporal patterns that closely follow diverse climatic regimes of the country. 

During the months of January and February, rainfall erosivity is almost negligible 
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throughout the study area, with only isolated detectable values observed over North East 

India and parts of Himachal Pradesh. In March, the spatial extent of erosivity increases 

slightly, though it remains largely confined to these two regions. 

A substantial expansion of erosivity occurs in April and May, when higher values begin 

to appear not only in North East India but also over parts of the Western Ghats. With the 

onset of the Southwest Monsoon, erosivity reaches its peak both in intensity and areal 

extent. During June and September, which mark the beginning and the end of the 

monsoon season, erosivity is widely distributed across North East India, West Bengal, 

and the Western Ghats. The spatial averages for June and September are 335.99 and 

327.71 MJ.mm/ha.h.month respectively. However, there is a striking difference in the 

maximum values recorded: 5569.36 MJ.mm/ha.h.month in June as compared to 2616.74 

MJ.mm/ha.h.month in September. 

Among all months, July exhibits the highest erosivity, with a mean of 655.17 

MJ.mm/ha.h.month and a maximum of 5792.10 MJ.mm/ha.h.month, which can be seen 

from the Figure 3.10. July and August show broadly similar patterns, with most regions 

of India experiencing elevated values, although Tamil Nadu, Karnataka, Andhra Pradesh, 

and Rajasthan display comparatively low erosivity during this peak monsoon phase. In 

October, the influence of the retreating monsoon is distinct, with high values mostly 

concentrated over the Eastern Ghats, while erosivity over the Western Ghats and North 

East India diminishes. 

 

Figure 3.10 Maximum, minimum and mean of average monthly rainfall erosivity factor 

for the study area 
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Figure 3.11 Spatial distribution of average monthly rainfall erosivity factor for the months 

January to June 
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Figure 3.12 Spatial distribution of average monthly rainfall erosivity factor for the months 

July to December 

The Northeast Monsoon, occurring in November and December, shifts erosivity hotspots 

toward the coastal regions of Tamil Nadu, Andhra Pradesh, and Kerala. During these 

months, erosivity is negligible across the rest of India due to the absence of rainfall. This 

monthly variation underscores the dynamic nature of rainfall erosivity in India. The 
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erosivity hotspots shift spatially across the subcontinent depending on the prevailing 

monsoon system, highlighting the need to assess R factor at a monthly scale rather than 

relying solely on annual averages. The annual mean erosivity gives an average 

perspective, which masks the intra annual and seasonal variability. A monthly assessment 

offers deeper insights into the spatiotemporal transformations of erosivity. The spatial 

distribution of average monthly rainfall erosivity factor for the months January to June is 

presented in Figure 3.11 and July to December presented in Figure 3.12 respectively.  

3.3.4 Seasonal variation of Rainfall Erosivity Factor 

The seasonal assessment of rainfall erosivity (R factor) provides a broader understanding 

of its spatial dynamics across India by aligning with the classification of the India 

Meteorological Department (IMD), which subdivides the year into four distinct rainfall 

seasons: Winter (January–February), Pre-Monsoon (March–May), Southwest Monsoon 

(June–September), and Post-Monsoon/Northeast Monsoon (October–December). The 

spatial variation of erosivity across these four seasons is presented in Figure 3.13. 

During the Winter season, rainfall activity is minimal across most parts of the country, 

resulting in uniformly low R factor values. Only some areas in North East India and  

Himachal Pradesh exhibit detectable erosivity. In contrast, the Pre-Monsoon season 

marks the initiation of high erosivity. Some elevated values can be seen in North East 

India as well as along the coastal fringes of Karnataka and Kerala within the Western 

Ghats. 

The Southwest Monsoon season represents the peak phase of erosivity both in magnitude 

and spatial coverage. During this period, most areas of the country is characterized by 

high R factor values, underscoring the erosive potential of the intense monsoon rains. 

Nevertheless, certain regions such as Tamil Nadu, Karnataka, Andhra Pradesh, and 

Rajasthan exhibit comparatively low erosivity. It is observed that although North East 

India generally experiences consistently high values, the westernmost part of Arunachal 

Pradesh shows relatively lower erosivity. 

In the Post-Monsoon/Northeast Monsoon season, erosivity hotspots shift towards the 

coastal regions of Tamil Nadu, Andhra Pradesh, and Kerala, driven by the influence of 

the Northeast Monsoon. The rest of the country records negligible values as rainfall 

subsides after the withdrawal of the Southwest Monsoon. This seasonal perspective 
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demonstrates how the erosivity hotspots migrate across the country in response to the 

shifting monsoon systems of India. 

 

Figure 3.13 Seasonal variation of Rainfall Erosivity Factor 

3.3.5 Annual variation of Rainfall Erosivity Factor 

A consistent spatial pattern is observed throughout the study period (Figure 3.14), with 

the highest R factor values concentrated along the Western Ghats, Northeastern states, 

and parts of the Himalayan foothills. These regions are characterized by high-intensity 

monsoon rainfall, which contributes to elevated rainfall erosivity. The western ghat and 

the northeastern hilly terrains consistently exhibit high R factor values. In contrast, the 

central and western regions of India mostly display low R factor values. These regions 

experience arid to semi-arid climate conditions with relatively lower rainfall intensity. 

Thus, it contributes minimally to erosivity. The spatial distribution pattern remains 

broadly stable across the years with presence of some inter-annual variabilities. The 

temporal analysis reveals, the general spatial pattern remains stable but the magnitude of 
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R factor exhibits variability. There is no consistent long-term increasing or decreasing 

trend in R factor can be found across the study period. 

 

Figure 3.14 Spatial distribution of annual rainfall erosivity factor for 20 years over the 

study area 
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The temporal evolution of the average annual R factor over the study period (2001–2020) 

is presented in Figure 3.15. The graph depicts the inter annual variability of the R factor, 

along with the linear trend and the long-term average value. The average annual R factor 

exhibits substantial fluctuations throughout the study period. The highest peak is observed 

in 2007, where the R factor reached values close to 3100 MJ.mm/ha.h, significantly 

exceeding the long-term average. This peak corresponds to an exceptionally intense 

monsoon year associated with extreme rainfall events that contributed to higher  erosivity 

values. A general declining trend is observed in the annual R factor after 2007 peak with 

some occasional increases in years 2011 and 2013. The overall temporal trend indicates 

a gradual decrease in the average annual R factor over the 20-year period. This decreasing 

trend suggests a minor reduction in erosivity, which could be attributed to several factors 

such as changes in large-scale climate patterns, variations in monsoon intensity etc. 

 

Figure 3.15 Temporal variation of average annual rainfall erosivity factor for 20 years 

3.3.6 Trend Analysis of Annual Rainfall Erosivity Factor 

The application of the Modified Mann Kendall test to assess temporal trends in the rainfall 

erosivity factor across India reveals diverse spatial patterns in both the direction and 

significance of changes. The analysis indicates that approximately 12.04% of the study 

area exhibits a significant decreasing trend, whereas only 1.82% shows a significant 

increasing trend. Thus, only 13.86% of the area collectively demonstrates a statistically 

significant trends. Around 55.84% of the country exhibits a non-significant decreasing 

trend and 30.29% shows a non-significant increasing trend. 
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Figure 3.16 Statistically significant (0.05 significance level) Modified Mann-Kendall 

trend results using annual R factor values for all grid points covered by IMERG over the 

study area during the time period 2001 to 2020 

The Figure 3.16 highlights that regions with significant increasing trends are primarily 

concentrated in Rajasthan, with minor occurrences in North East India, Madhya Pradesh, 

Himachal Pradesh and Uttarakhand. Interestingly, although the number of locations with 

increasing trends is greatest in Rajasthan, the magnitude of increase, as estimated by Sen’s 

slope, is higher in the North East India, particularly in Assam, where the maximum slope 

reaches 397 MJ.mm/ha.h.year (Figure 3.17). This observation emphasizes the critical 

distinction between trend occurrence and trend intensity. 

Non-significant increasing trends are predominantly observed in the northwestern part of 

India, whereas the remaining parts of the country largely show non-significant decreasing 

trends. The significant decreasing trends are primarily concentrated in the southern Indian 

states, West Bengal, and Maharashtra. It is important to note that trend direction alone 

does not fully capture the potential impact of rainfall erosivity. For instance, Rajasthan, 

despite exhibiting several increasing trends, maintains a consistently low R factor across 

all years and months (Figure 3.11,Figure 3.12 and Figure 3.14) , indicating that the 

erosivity magnitude can be remain limited even in the presence of an upward trend. 
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Figure 3.17 Spatial distribution of strength or magnitude of trend in terms of sens’s slope 

(MJ.mm/ha.h.year) 

 

In a global scale study, Bezak et al. (2022) applied the Mann Kendall test to annual R 

factor data derived from CMORPH satellite precipitation and reported that only 15% of 

global areas exhibited significant trends, while the majority, 85%, did not demonstrate 

any discernible trend. Similarly, for India, approximately 87% of the country’s area 

shows no significant change in the annual R factor, confirming that the dominant pattern 

across most regions is statistical stability. 

3.3.7 Sensitivity Analysis of Rainfall Erosivity Factor 

The Table 3.1 illustrates the percentage variation of the R factor for all agro-climatic 

zones in response to these percentage errors in rainfall intensity. It can be observed that 

the percentage variation of the R factor is similar across all zones, except for the 50% and 

100% changes. The variation ranges from 67.05% to 71.08% for a 50% change in rainfall 

intensity, and from 138.08% to 149.85% for a 100% change. The average percentage 

variations in the R factor for -50%, -20%, -10%, -5%, 5%, 10%, 20%, 50%, and 100% 

changes in rainfall intensity were found to be -59.56%, -25.34%, -12.89%, -6.49%, 

6.59%, 13.27%, 27.87%, 69.42%, and 144.7%, respectively, as shown in Figure 3.18. 
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Figure 3.18 Average percentage change in R factor with respect to the change in 

percentage of rainfall intensity for the points considered in this study from all the agro-

climatic zones 
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Table 3.1 The percentage variation of R factor for all the agro climatic zones with 

respect to the error percentages of rainfall intensity considered in the study 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Error 

% ACZ_1 ACZ_2 ACZ_3 ACZ_4 ACZ_5 ACZ_6 ACZ_7 ACZ_8 ACZ_9 ACZ_10 ACZ_11 ACZ_12 ACZ_13 ACZ_14 

-50 -59.81 -59.84 -59.54 -59.3 -59.69 -59.85 -59.39 -59.57 -59.41 -59.43 -59.58 -59.37 -59.42 -59.65 

-20 -25.62 -25.54 -25.15 -25.16 -25.29 -25.63 -25.07 -25.18 -25.47 -25.48 -25.5 -25.21 -25.03 -25.51 

-10 -13.05 -12.99 -12.75 -12.78 -12.84 -13.06 -12.71 -12.77 -12.98 -12.99 -12.99 -12.81 -12.68 -12.99 

-5 -6.58 -6.55 -6.42 -6.44 -6.46 -6.59 -6.4 -6.43 -6.55 -6.55 -6.55 -6.46 -6.38 -6.55 

5 6.69 6.65 6.49 6.53 6.55 6.69 6.47 6.51 6.67 6.67 6.66 6.55 6.45 6.66 

10 13.49 13.4 13.06 13.14 13.17 13.49 13.02 13.08 13.44 13.44 13.42 13.18 12.97 13.42 

20 27.37 27.15 26.38 26.6 26.64 27.38 26.31 26.44 27.3 27.31 27.23 26.7 26.18 27.22 

50 71.01 70.24 67.66 68.6 68.49 71.04 67.55 67.86 71.08 71.08 70.67 68.96 67.05 70.58 

100 148.8 146.58 139.59 142.77 141.76 148.92 139.6 140.17 149.85 149.8 148.22 143.79 138.08 147.87 
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3.4 Conclusion 

An approach was used to incorporate high temporal resolution satellite rainfall data for 

the computation and generation of R factor map of India. The study also presents an 

extensive analysis of the spatiotemporal variation of the R factor across India with 

detailed insights into its dynamic behaviour over different regions and time periods. This 

approach eliminated the reliance on interpolation methods, enabling the generation of a 

continuous and high-resolution R factor map.  

The overall spatial average of the R factor across India was estimated to be 2188.79 

MJ.mm/ha.h.year, with values ranging from a minimum of 68.28 MJ.mm/ha.h.year to a 

maximum of 18,864.2 MJ.mm/ha.h.year. The major rainfall erosivity hotspots in the 

country were identified as the North-Eastern region of India and the Western Ghats. The 

comparison with the Panagos et al. (2017) global ground-based R factor map revealed 

that the IMERG based mean R factor was approximately 58% of the ground-based mean 

during the common period (2007–2015). The study was further validated against the 

historical Isoerodent map of India developed by Babu et al. (1978). Although significant 

discrepancies were observed in the magnitude of the R factor, the spatial distribution 

patterns showed a reasonable degree of  alignment with the IMERG based R factor map. 

A station-level comparison with an IMD rain gauge station demonstrated that the IMERG  

based average R factor was approximately 10% higher than the observed IMD gauge 

value. 

A non-dimensional R factor map was developed by normalizing the computed R factor 

values relative to the spatial mean to give a generalized perspective. The results indicated 

that 63.48% of the area exhibited values below the mean. The monthly analysis of the R 

factor revealed clear spatiotemporal variations. The values were lowest in January and 

February, gradually increasing during the Pre-Monsoon period (March–May). The 

Southwest Monsoon (June–September) represented the peak erosive phase with the 

majority of annual rainfall erosivity values. In contrast, erosivity hotspots shifted towards 

the South Indian coast under the influence of the Northeast Monsoon during the post-

monsoon months (October–December).  While the spatial pattern of R factor remained 

broadly stable, a significant inter-annual variability was observed in the long term (2001-

2020). A slight overall decreasing trend in the average annual R factor was also observed. 

The application of the Modified Mann-Kendall test for trend analysis revealed that only 
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13.86% of the study area showed statistically significant trends, out of which 12.04% 

significant decrease and 1.82% significant increase. 

The spatially distributed R factor map helps the preliminary identification of vulnerable  

areas to rainfall induced soil erosion and facilitates the analysis of its spatiotemporal 

variability. These results provide a solid basis for regional erosion risk assessment and 

improving the accuracy of soil loss modelling. 
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Chapter 4                                                                        

Incorporating return period in the assessment of rainfall 

erosivity factor over India 

4.1 Introduction 

The concept of return period is a fundamental tool in hydrology, climatology and risk 

management. It is widely used in assessing the likelihood of extreme events such as 

floods, droughts, storms or intense rainfall. Return period provides a probabilistic 

measure of how often an event of a given magnitude can be expected to occur. The return 

period is defined as the average time interval between the occurrences of an event of equal 

or greater magnitude. For example, a 100 year flood refers to a flood event that has a 1% 

probability of occurring in any given year. Return period is a critical concept that links 

probability theory with real-world risk assessment. Return period provides flexibility to 

policymakers, planners and engineers in choosing appropriate safety margins based on 

the criticality of infrastructure. 

The analysis of return periods in rainfall erosivity studies is of great importance. The 

rainfall erosivity factor (R factor) plays a key role in estimating soil loss, which is a crucial 

input for the design of soil conservation structures. Traditionally, the R factor represents 

the mean annual value and the soil loss computed is also become an average annual 

estimate. However, relying only on the average annual soil loss has certain limitations. 

The use of average values can be misleading in regions with high variability in annual 

rainfall. It often results in an overestimation of soil loss during dry years and an 

underestimation during wet years (Mannaerts and Gabriels, 2000; Pampalone and Ferro, 

2020). 

This chapter focuses on incorporating the concept of return period into the computation 

of the Rainfall Erosivity Factor. To achieve this, the standard procedure of frequency 

analysis will be combined with the R factor calculation method from the RUSLE 

handbook, to estimate and map the rainfall erosivity factor for various return periods 

using high spatiotemporal resolution precipitation products. The 0.1 degree half hourly 

IMERG precipitation data will utilized to generate the rainfall erosivity map of India for 

different return periods. A spatially distributed map of best-fitted distribution will also be 

prepared, and this knowledge will be instrumental in computing the rainfall erosivity 

factor for a return period in a location. 
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4.2 Materials and methodology 

4.2.1 Study Area and data used 

The study area and data used are same as the Chapter 3. 

4.2.2 Annual Rainfall erosivity factor 

The return period analysis will be performed with the help of twenty years (2001 to 2020) 

annual rainfall erosivity factor of each grid point of IMERG 0.1 degree satellite 

precipitation data all over the India except Ladakh and the Island union territory. The 

expression for Annual Rainfall Erosivity Factor will be, 

Annual Rainfall Erosivity Factor = ∑ (EI30)i
j
i=1                                                (4.1)  

where (EI30)i  denotes the EI30 for rainfall event i⁡and 𝑗 represents the number of rainfall 

events in a year. 

Annual⁡Average⁡R⁡factor⁡or⁡R⁡Factor = ⁡
∑ (Annual⁡Rainfall⁡erosivity⁡factor)N
i=1

𝑁𝑢𝑚𝑏𝑒𝑟⁡𝑜𝑓⁡𝑦𝑒𝑎𝑟𝑠⁡(𝑁)
                     (4.2) 

In the calculation of R factor, all the rainfall events are not considered. The rainfall events 

having erosive capacity are only considered as per RUSLE guidebook (Renard et al., 

1997). 

4.2.3 Fitting Probability Distribution 

In this study, twelve theoretical probability distributions are considered, which are widely 

used in various hydrological frequency analysis (Aronica and Ferro 1997; Bagarello et al. 

2010; Taguas et al. 2011; Nazzareno and Bellocchi 2014; Hamidreza and Mohsen 2017). 

The maximum likelihood estimation was employed to determine the parameters for 

various distributions. The maximum likelihood estimation method is usually consistent, 

unbiased, normally distributed and efficient even if the number of sample data increases 

to infinity. This is why the maximum likelihood estimation is very popular and widely 

used (Heumann and Shalabh, 2016). The distributions used in this study are Generalized 

Extreme Value, Weibull min, Normal, Gamma, Lognormal, Gumbel Right Skewed, 

Gumbel left skewed, Beta, Pareto, Double gamma, Pearson type 3 and Exponential. 

4.2.3.1 Generalized Extreme Value 

The parameters of Generalized Extreme Value distribution are k= shape, σ= scale (σ>0) 

and μ= location. The domain of the distribution is 1 + 𝑘
(𝑥−𝜇)

𝜎
> 0⁡𝑓𝑜𝑟⁡𝑘 ≠ 0⁡𝑎𝑛𝑑 −

∞ < 𝑥 < +∞⁡𝑓𝑜𝑟⁡𝑘 = 0. 
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The Probability Density Function 𝑓(𝑥) and the cumulative distribution functions 𝐹(𝑥) 

are 

𝑓(𝑥) =
1

𝜎
exp (−(1 + 𝑘𝑧)

−1

𝑘 ) (1 + 𝑘𝑧)−1−
1

𝑘⁡⁡⁡𝑓𝑜𝑟⁡𝑘 ≠ 0      

𝑓(𝑥) =
1

𝜎
exp(−𝑧 − 𝑒𝑥𝑝(−𝑧))⁡𝑓𝑜𝑟 ⁡𝑘 = 0        

𝐹(𝑥) = exp (−(1 + 𝑘𝑧)−
1

𝑘) ⁡⁡𝑓𝑜𝑟⁡𝑘 ≠ 0       

𝐹(𝑥) = exp(−𝑒𝑥𝑝(−𝑧)) ⁡⁡⁡𝑓𝑜𝑟⁡𝑘 = 0       

where, 𝑧 =
𝑥−𝜇

𝜎
 

4.2.3.2 Weibull_min 

The parameters of Weibull_min distribution are α = shape (α > 0), β = scale (β = 1) and 

γ = location (γ = 0). 

The Probability Density Function 𝑓(𝑥) and the cumulative distribution functions 𝐹(𝑥) 

are 

𝑓(𝑥) =
𝛼

𝛽
(
𝑥−𝛾

𝛽
)𝛼−1exp⁡(− (

𝑥−𝛾

𝛽
)
𝛼

)        

𝐹(𝑥) = 1 − exp⁡(−(
𝑥−𝛾

𝛽
)𝛼)         

4.2.3.3 Normal 

The parameters of Normal distribution are σ= scale (σ>0) and μ= location. The domain 

of the distribution is −∞ < 𝑥 < +∞. 

The Probability Density Function 𝑓(𝑥) and the cumulative distribution functions 𝐹(𝑥) 

are 

𝑓(𝑥) =
exp⁡(−

1

2
(
𝑥−𝜇

𝜎
)
2
)

𝜎√2𝜋
             

 

𝐹(𝑥) = 𝛷(
𝑥−𝜇

𝜎
)           

where, Φ is the Laplace Integral, 𝛷(𝑥) =
1

2𝜋
∫ 𝑒−⁡⁡

𝑡2

2 𝑑𝑡
𝑥

0
        

4.2.3.4 Gamma 

The parameters of Gamma distribution are α= shape (α>0), β= scale (β>0) and γ= 

location. The domain of the distribution is γ ≤ x < +∞. 
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The Probability Density Function 𝑓(𝑥) and the cumulative distribution functions 𝐹(𝑥) 

are 

𝑓(𝑥) =
𝑥𝛼−1

𝛽𝛼𝛤(𝛼)
exp⁡(−

𝑥

𝛽
)        

𝐹(𝑥) =
𝛤𝑥
𝛽
(𝛼)

𝛤(𝛼)
           

Γ is the Gamma Function and Γz is the Incomplete Gamma Function 

𝛤(𝛼) = ∫ 𝑡𝛼−1𝑒−𝑡𝑑𝑡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡(𝛼 > 0)
∞

0
          

𝛤𝑧(𝛼) = ∫ 𝑡𝛼−1𝑒−𝑡𝑑𝑡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡(𝛼 > 0)
𝑧

0
  

Γ is the Gamma Function and Γz is the Incomplete Gamma Function 

4.2.3.5 Log Normal 

The parameters of Log Normal distribution are σ= scale (σ>0), μ= shape and γ= location. 

The domain of the distribution is 𝛾 < 𝑥 < +∞. 

The Probability Density Function 𝑓(𝑥) and the cumulative distribution functions 𝐹(𝑥) 

are 

𝑓(𝑥) =
exp⁡(−

1

2
(
ln(𝑥−𝛾)−𝜇

𝜎
)2)

(𝑥−𝛾)𝜎√2𝜋
                       

𝐹(𝑥) = ⁡𝛷(
ln(𝑥−𝛾)−𝜇

𝜎
)            

where, Φ is the Laplace Integral, 𝛷(𝑥) =
1

2𝜋
∫ 𝑒−⁡⁡

𝑡2

2 𝑑𝑡
𝑥

0
 

4.2.3.6 Gumbel right skewed 

The parameters of Gumbel Max distribution are σ= scale (σ>0) and μ= location. The 

domain of the distribution is −∞ < 𝑥 < +∞. 

The Probability Density Function 𝑓(𝑥) and the cumulative distribution functions 𝐹(𝑥) 

are 

𝑓(𝑥) =
1

𝜎
exp⁡(−𝑧 − exp(−𝑧))          

𝐹(𝑥) = exp⁡(−exp(−𝑧))           

where, 𝑧 =
𝑥−𝜇

𝜎
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4.2.3.7 Gumbel left skewed 

The parameters of Gumbel Min distribution are σ= scale (σ>0) and μ= location. The 

domain of the distribution is −∞ < 𝑥 < +∞. 

The Probability Density Function 𝑓(𝑥) and the cumulative distribution functions 𝐹(𝑥) 

are 

𝑓(𝑥) =
1

𝜎
exp⁡(𝑧 − exp(𝑧))           

𝐹(𝑥) = 1 − exp⁡(− exp(𝑧))           

where, 𝑧 =
𝑥−𝜇

𝜎
 

4.2.3.8 Beta 

The Probability Density Function 𝑓(𝑥) and the cumulative distribution functions 𝐹(𝑥) 

are 

𝑓(𝑥, 𝑎, 𝑏) =
Γ(𝑎+𝑏)𝑥𝑎−1(1−𝑥)𝑏−1

Γ(𝑎)Γ(𝑏)
=

1

𝐵(𝑎,𝑏)
⁡𝑥𝑎−1(1 − 𝑥)𝑏−1  

here 𝑎⁡𝑎𝑛𝑑⁡𝑏 are shape parameter, 𝑎, 𝑏 > 0, Γ⁡(𝑧) is the gamma function and 𝐵(𝑎, 𝑏) is 

the Beta function. 

𝐹(𝑥; 𝑎, 𝑏) = ⁡
𝐵⁡(𝑥;𝑎,𝑏)

𝐵⁡(𝑎,𝑏)
=⁡ 𝐼𝑥(𝑎, 𝑏)  

here 𝐵⁡(𝑥; 𝑎, 𝑏) is the incomplete beta function and 𝐼𝑥(𝑎, 𝑏) is the regularized incomplete 

beta function. 

4.2.3.9 Pareto 

The parameters of Pareto distribution are 𝛼 = shape parameter (𝛼 >0) and 𝛽 = scale 

parameter (𝛽 > ⁡0). The domain is 𝛽 ≤ 𝑥 < +∞. 

The Probability Density Function 𝑓(𝑥) and the cumulative distribution functions 𝐹(𝑥) 

are 

𝑓(𝑥) = ⁡
𝛼𝛽𝛼

𝑥𝛼+1
  

𝐹(𝑥) = 1 − (
𝛽

𝑥
)
𝛼

  

4.2.3.10 Double Gamma 

The parameters of Double Gamma distribution is 𝛼 = shape parameter (𝛼 > 0) and it 

applies for all real 𝑥. 

The Probability Density Function 𝑓(𝑥) and the cumulative distribution functions 𝐹(𝑥) 

are 
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𝑓(𝑥) =
1

2Γ(𝛼)
|𝑥|𝛼−1𝑒−|𝑥|  

𝐹(𝑥) = {

1

2
−

1

2Γ(𝛼)
𝛾(𝛼, |𝑥|)⁡⁡⁡⁡⁡⁡⁡𝑥 ≤ 0

1

2
+

1

2Γ(𝛼)
𝛾(𝛼, |𝑥|)⁡⁡⁡⁡⁡⁡⁡𝑥 > 0

  

here  𝛾(𝛼, 𝑧) is the lower incomplete gamma function. 

4.2.3.11 Pearson type 3 

The Probability Density Function 𝑓(𝑥) and the cumulative distribution functions 𝐹(𝑥) 

are 

𝑓(𝑥) = ⁡
𝑥−𝛾𝛼−1

𝛽𝛼.Γ𝛼
. 𝑒
−
𝑥−𝛾

𝛽   

𝐹(𝑥) = 1 −⁡
1

𝛽.Γ(𝛼)
. ∫

𝑥−𝛾𝛼−1

𝛽

𝑥

𝛾
. 𝑒
−
𝑥−𝛾

𝛽 𝑑𝑥 = ⁡
Γ(𝛼),

𝑥−𝛾

𝛽

Γ(𝛼)
  

where, 𝛼, 𝛽, 𝛾 are the shape, scale and location parameters and 𝛾 < 𝑥 < ∞ if 𝛽 > 0⁡𝑜𝑟 −

∞ < 𝑥 < 𝛾⁡𝑖𝑓⁡𝛽 < 0⁡𝑎𝑛𝑑⁡𝛼 > 0 

4.2.3.12 Exponential 

The probability density function 𝑓(𝑥; ⁡𝜆) and cumulative distribution function 𝐹(𝑥; ⁡𝜆) of 

an exponential distribution are 

𝑓(𝑥; ⁡𝜆) = ⁡ {𝜆𝑒
−𝜆𝑥⁡⁡⁡⁡⁡𝑥 ≥ 0

0⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡𝑥 < 0
  

𝐹(𝑥; ⁡𝜆) = ⁡ {1 − 𝑒
−𝜆𝑥⁡⁡⁡⁡⁡⁡⁡⁡𝑥 ≥ 0

0⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡𝑥 < 0
  

here 𝜆 > 0 is the parameter of the distribution, called as rate parameter and scale = 
1

𝜆
. The 

distribution is supported on the interval [0, ∞). 

4.2.4 Goodness of fit test 

The goodness of fit of a distribution refers to the extent to which it accurately matches 

the frequency distribution curve of observations of the sample dataset. Here, the goodness 

of fit of distributions was evaluated with one commonly used empirical distribution 

function (EDF) test namely Kolmogorov-Smirnov Test (Rahman et al. 2013; Alam et al. 

2018). The Kolmogorov-Smirnov test measures the degree of difference between the 

empirical distribution function observed in a specific sample and the CDF associated with 

that distribution under examination. 

The Kolmogorov-Smirnov test statistics can be given by 
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𝐷 = max
1≤𝑖≤𝑁

(𝐹(𝑌𝑖) −
𝑖−1

𝑁
,
𝑖

𝑁
− 𝐹(𝑌𝑖))⁡                                                                                         (4.3) 

F represents the theoretical cumulative distribution of the distribution under examination, 

which is required to be a continuous distribution. 

 

Figure 4.1 Flow chart of return period analysis of R factor 

 

In this study, a significance level (α) of 0.05 has been used. In a Kolmogorov-Smirnov 

(KS) test, a significance level of 0.05 indicates that the null hypothesis is rejected when 
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the chance of witnessing the test statistic, assuming the null hypothesis to be true, is equal 

to or less than 0.05. The two distributions (a sample distribution and a theoretical 

distribution) under comparison must be identical, according to the KS test's null 

hypothesis. 

4.2.5 Return Period 

When the Annual R factor (x) value equals or exceeds a XT magnitude event, which is 

happened only one time in T number of years, then the probability of occurrence P (x ≥ 

XT) is given by 

𝑃(𝑥 ≥ 𝑋𝑇) =
1

𝑇
 => 𝑇 = ⁡

1

𝑃(𝑥≥𝑋𝑇)
 =>𝑇 =

1

1−𝑃(𝑥≤𝑋𝑇)
    (4.4)            

The hydrological parameter related with a return period of a larger number of years cannot 

be directly estimated from a dataset of a smaller number of sample data. So, the value 

corresponding to those return periods can be extracted from the various percentiles of 

CDF of a fitted distribution. For example, if we need a return level of the hydrological 

parameter for 50 years return period, then we use the 98 percentile value as 1/(1-0.98-

year)=50 years, similarly for 100 years return period, we use the 99 percentile value as 

1/(1-0.99-year)=100 years and so on (Alam et al., 2018; Wilks, 1993). The whole process 

of incorporation of return period analysis in rainfall erosivity factor is presented in the 

flow chart as shown in Figure 4.1. 

4.3 Result and discussion 

4.3.1 Best fitted Theoretical Probability Distribution of Annual R Factor 

Twelve numbers of theoretical probability distributions were fitted in the annual R factor 

data series, and best-fitted distribution was evaluated by using the Kolmogorov-Smirnov 

goodness of fit test at each grid point of the data series. Figure 4.2  presents the spatial 

distribution of the best-fitted distribution. The spatially distributed map of the best-fitted 

distribution of the Annual R factor can be a tool to determine the R factor corresponding 

to various return periods in a location. The map will provide the best-fitted distribution at 

0.1⁰ × 0.1⁰ spatial resolution for the study area. It can be observed from Figure 4.3 that 

the Lognormal probability distribution is the best-fitted distribution in the highest number 

of grid points, and Pearson type 3 is the best-fitted distribution in the second-highest 

number of grid points, and Exponential is the best-fitted distribution in the least number 

of grid points. Ferro et al. (1999) used Lognormal and Gumbel probability distribution to 

fit Annual R factor data in Italy and found adequate fitting for their data. Sadeghi et al. 
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(2017) also found Lognormal distribution as the best-fitted distribution in most of the 

stations of Iran on an annual scale.  

 

Figure 4.2 Spatial distribution of best fitted distribution of Annual R factor of the study 

area 

 

 

Figure 4.3 Percentage of area under each best fitted probability distribution 
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4.3.2 Annual variability of R factor corresponding to different return period 

This study was performed to enhance the analysis of the R factor in India by incorporating 

return period analysis. To achieve this objective, we conducted a return period analysis 

using the Annual R factor values obtained from all grid points. Subsequently, we 

generated return level maps for the 2, 5, 10, 25, 50, and 100 year return periods. 

Figure 4.4 displays the return period maps, revealing a consistent spatial pattern across 

all return periods that closely resembles the spatial distribution pattern of the average 

annual R factor. As observed in the average annual R factor map, higher values are 

predominantly concentrated in certain regions of North East India and the Western Ghats. 

Notably, the Kangra District of Himachal Pradesh exhibits significantly higher values for 

higher return periods, coinciding with elevated values of the average annual R factor in 

the same area. A similar observation can be made in the Lower Subansiri District of 

Arunachal Pradesh, where higher values are also evident for higher return periods. 

Overall, the average R factor values for India across the 2, 5, 10, 25, 50, and 100-year 

return periods are 1918.94, 2963.84, 3795.55, 4916.79, 5487.89, and 5806.90 MJ.mm.ha-

1h-1 respectively. Additionally, the maximum values of the Annual R factor for India are 

18,556.12, 25,598.15, 35,815.77, 46,113.28, 49,545.78, and 51,262.03 MJ.mm.ha-1h-1 for 

the 2, 5, 10, 25, 50, and 100-year return periods, respectively. It is worth noting that the 

maximum Annual R Factor corresponding to all return periods, except the 5-year return 

period, are concentrated in a specific location within the West Khasi Hill district of 

Meghalaya. However, the maximum Annual R Factor corresponding to the 5-year return 

period is found in a different location within the Lakhimpur District of Assam. 
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Figure 4.4 Return level map of Annual R Factor corresponding to (a) 2 year, (b) 5 year, 

(c) 10 year, (d) 25 year, (e) 50 year and (f) 100 year return period  
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Figure 4.5 Spatial distribution of location of R factor value with respect to return period 

Spatial distribution of location of R factor value with respect to return period 

Table 4.1 Percentage of grid cells corresponding to R factor falling in the different range 

of Return Period 

Return period range Percentage of area 

Less than 2 Year Return Period 4.98 

Between 2 and 5 year Return Period 94.95 

Between 5 and 10 year Return Period 0.07 

Between 10 and 25 year Return Period Nil 

Between 25 and 50 year Return Period Nil 

Between 50 and 100 year Return Period Nil 

More than 100 years Return Period Nil 

 

The comparison between the annual average R factor at each grid and the corresponding 

return level values for various return periods, as investigated in our study, is visually 
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represented in Figure 4.5 and summarized in Table 4.1. The findings of this study reveal 

that in 94.96% of cases, the annual average R factor falls within the range of return levels 

for the 2 and 5 year return periods. In 4.98% of cases, the R factor value is lower than the 

return level for the 2 year return period and in 0.06% of cases, the R factor value falls 

between the return levels for the 5 and 10 year return periods. Interestingly, no R factor 

values were observed to exceed the return level for the 25 year return period. The average 

R factor value for the entire country also falls within the range of return levels for the 2 

and 5 year return periods. Taguas et al. (2011), in their study conducted in southern Spain, 

similarly reported that the annual average rainfall erosivity typically falls within the range 

of return levels for the 2 and 5 year return periods. This study also indicates that the 

majority of areas in the research display R factor values within this range, as depicted in  

Figure 4.5. Notably, this observation is not limited to specific locations but rather 

observed throughout the country. 

 

Figure 4.6 Spatial distribution of location of maximum annual R factor value with respect 

to return period 
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Table 4.2 Percentage of grid cells corresponding to maximum annual R factor falling in 

the different range of Return Period 

Return period range Percentage of area 

Less than 2 Year Return Period Nil 

Between 2 and 5 year Return Period Nil 

Between 5 and 10 year Return Period 0.29 

Between 10 and 25 year Return Period 18.86 

Between 25 and 50 year Return Period 31.24 

Between 50 and 100 year Return Period 24.30 

More than 100 year Return Period 25.31 

 

Furthermore, we compared the maximum value of the annual R factor at each grid point 

with the corresponding return levels for the various return periods examined in our study. 

The spatial distribution of these comparisons is presented in Figure 4.6 and summarized 

in Table 4.2. Our results indicate that in 0.28% of cases, the maximum annual R factor 

falls within the range of return levels for the 5 and 10-year return periods, while in 18.86% 

of cases, it falls within the range of return levels for the 10 and 25-year return periods. 

Moreover, in 31.24% of cases, the maximum annual R factor falls within the range of 

return levels for the 25 and 50-year return periods, and in 24.30% of cases, it falls within 

the range of return levels for the 50 and 100-year return periods. Intriguingly, in 25.31% 

of cases, the value exceeds the return level for the 100-year return period, and no values 

were found to be lower than the return level for the 5-year return period. The country 

average of the maximum annual R factor value falls within the range of return levels for 

the 25 and 50-year return periods, with a closer proximity to the return level for the 50-

year return period. Similar to the analysis of the average R factor values, the spatial 

distribution of these comparisons, as illustrated in Figure 4.6, indicates a scattered 

distribution throughout the country. Notably, almost all average R factor values are lower 

than the return level for the 5-year return period, while the maximum annual R factor 

values exceed the return level for the 5-year return period. 
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Figure 4.7 Scatter plot between return level of Annual R factor corresponding to (a) 2 

year, (b) 5 year, (c) 10 year, (d)25 year, (e) 50 year and (f) 100 year return period and 

Average annual R factor 

Figure 4.7 presents scatter plots depicting the return level of the annual R factor across 

different return periods in comparison to the annual average R factor. Analysing Figure 

4.7, it becomes evident that the average annual R factor value aligns closely with the 

return level value for the 2 year return period, as demonstrated by the clustering of points 

near the 1:1 line. However, as the return period value increases, the points gradually 

deviate from the 1:1 line, signifying substantial differences between the average R factor 

value and the return level value corresponding to that particular return period. 

 

Figure 4.8 Scatter plot between maximum Annual R factor and Average annual R factor 
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An additional noteworthy observation that can be derived from the scatter plots is that 

locations characterized by identical average R factor values can exhibit varying return 

level values, with considerable differences observed. For instance, for a 100 year return 

period, the disparity in return levels between two locations can be as substantial as 40,000 

MJ.mm.ha-1.h-1. The difference in return levels among locations with the same average 

R factor value diminishes as the return period value decreases. Furthermore, substantial 

disparities in the maximum value of the annual R factor have been observed among 

locations sharing the same average R factor value, as depicted in Figure 4.8. Ferro et al. 

(1991) conducted a study wherein they constructed a map illustrating the ratio between 

the return level value for a 50 year return period and the average annual R factor. This 

map was then compared to the map depicting the average annual R factor. The researchers 

observed notable disparities between the two maps, indicating significant differences in 

their respective representations. Sadeghi et al. (2017) conducted a study in Iran and found 

similar results. 

During the computation of soil loss using the RUSLE, the mean annual value of the R 

factor is typically utilized. However, it has been observed that locations with the same 

average R factor can exhibit different return level values and maximum annual R factor 

values. Thus, it can be inferred that a soil conservation structure design deemed suitable 

for one location may not be adequate for another location with the same average R factor. 

4.4 Conclusion 

The present study provides valuable insights into the analysis of the R factor across India 

for different return periods. Analysis of return periods revealed that mean R factor values 

of the India increase with increase in return period, ranging from 1918.94 for a 2 year 

return period to 5806.90 MJ.mm.ha-1.h-1 for a 100 year return period. In 94.96% of the 

study area the mean annual R factor values fall within the range of return level of 2 to 5 

year return periods. Again, the maximum annual R factors are mostly fall within the range 

of return level of return periods 25 to 50 year return period. It was also found from the 

study that areas with similar average R factors can exhibit substantial differences in return 

levels values for different return period. This highlights that relying solely on the mean 

annual R factor may underestimate the soil loss potential of a region. The findings 

underscore the importance of incorporating return period analysis to achieve a more 
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comprehensive understanding of soil erosion risk. These results hold significant 

implications for the application of RUSLE in the planning and design of soil conservation 

measures. Policymakers and stakeholders can benefit from this approach by selecting 

return periods appropriate for specific conservation objectives. 
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Chapter 5                                                                              

Calibration of IMERG dataset using IMD daily gridded 

dataset for computing Rainfall Erosivity Factor 

 

5.1 Introduction 

A high spatiotemporal resolution precipitation dataset is essential for a wide range of 

hydrological and environmental studies such as soil erosion assessment, flood forecasting 

etc. However, the availability of such high-resolution precipitation data is limited in many 

regions across the globe. Satellite precipitation products have emerged as an effective 

solution to mitigate this limitation. They offer extensive spatial coverage and provide data 

in regions where conventional rain gauge networks are poor or absent. One of the most 

important advantages of satellite precipitation estimates is their ability to uniformly 

capture the spatial variability in rainfall. 

The rapid advancements in satellite precipitation estimation techniques have significantly 

enhanced the ability to continuously monitor precipitation at global scales with finer 

spatial and temporal resolutions over the past few decades. Among the available datasets, 

the Integrated Multi-satellite Retrievals for GPM (IMERG) product developed by NASA 

was used in the previous two chapters of this study. The IMERG dataset provides half-

hourly precipitation estimates at a spatial resolution of 0.1⁰ (Huffman et al., 2019) making 

it highly suitable for high-resolution hydrological applications. Despite its advantages 

IMERG also involves significant uncertainties that differ in magnitude and nature across 

various geographic regions and climatic conditions. Many past studies have reported that 

IMERG often overestimates daily and hourly rainfall amounts in high altitude regions 

(Xu et al., 2019). 

The fundamental reason behind such uncertainties lies in the indirect approach of 

estimating satellite precipitation and due to which systematic and random errors are 

introduced into the dataset. Consequently, calibration of satellite precipitation products 

with rain gauge data is essential to improve their accuracy and reliability (Huffman et al., 

2019). The IMERG is calibrated at the monthly scale using the Global Precipitation 

Climatology Centre (GPCC) gauge analysis dataset having a spatial resolution of 1.0⁰ and 

monthly temporal resolution. Although monthly calibration allows IMERG to perform 
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reasonably well at broader temporal scales its accuracy decreases when used at finer 

resolutions like daily or sub-daily levels (Ma et al., 2020). This limitation makes it 

necessary to calibrate IMERG data using observed datasets with higher temporal 

resolution. 

The daily rain gauge datasets can play a pivotal role in this context. The India 

Meteorological Department (IMD) provides a high-quality, daily gridded precipitation 

dataset at a spatial resolution of 0.25°, which has been widely used in numerous 

hydrological and climatological studies across India (Prakash et al., 2018; Thakur et al., 

2020b). The wide usage of IMD daily data in various research highlights its acceptance 

as a reliable and robust precipitation product for India. However, the IMD daily dataset 

has not yet been systematically used to calibrate satellite precipitation products like 

IMERG. 

The present study aims to bridge this critical gap by calibrating the IMERG (Late) dataset 

against the IMD daily gridded precipitation data. A new precipitation dataset will be 

generated through this calibration, which will have a spatial resolution of 0.25° and a 

temporal resolution of 30 minutes. This refined dataset is expected to retain the temporal 

richness of the IMERG half-hourly estimates while benefiting from the ground-truth 

accuracy of the IMD daily gauge observations. The calibrated dataset will be 

subsequently employed to compute the Rainfall Erosivity Factor of the study area using 

the methodology prescribed in the Revised Universal Soil Loss Equation (RUSLE) 

handbook. 

5.2 Materials and methodology 

5.2.1 Study area 

Same as Chapter 3 and 4 

5.2.2 Data used 

5.2.2.1 Global Precipitation Measurement Mission (GPM) Product (IMERG) 

As already discussed in Chapter 3, three distinct products are available for IMERG, Early 

(available after four hours of detecting time), Late (available after Fourteen hours), and 

Final satellite gauge product (available after 3.5 months of observation month). In this 

chapter the IMERG (Late) product is used for the calibration and IMERG Final satellite 

gauge product is used for the comparison with resulted calibrated product of this study. 
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5.2.2.2 IMD Daily gridded data 

The IMD gauge based daily gridded data has a spatial resolution of 0.25 degree. The daily 

rainfall records of almost 7000 gauge stations spread all over the India are used to develop 

this data set (Pai et al., 2014). The inverse distance weighted (IDW) interpolation method 

was used to develop the gridded data from the rain gauge data. The unit of rainfall is in 

millimetre. The spatial extent of the dataset is 6.5N to 38.5N latitude and 66.5E to 100.0E 

longitude. The data is available from 1901 to present and in our study the dataset from 

2001 to 2020 has been used. 

5.2.3 Methodology 

5.2.3.1 Calibration of IMERG dataset 

The Integrated Multi-satellite Retrievals for GPM (IMERG) data was calibrated against 

the India Meteorological Department (IMD) daily gridded rainfall product. The IMERG 

Final satellite gauge product was calibrated with GPCC (1⁰/ monthly) dataset. The 

objective of this chapter is to obtain a calibrated IMERG dataset at 0.25° spatial resolution 

and half-hourly temporal resolution, where the daily total rainfall matches the IMD (0.25⁰/ 

daily) observation and the sub-daily distribution pattern is derived from the IMERG. The 

Daily Spatio-Temporal Disaggregation Calibration Algorithm (DSTDCA) proposed by 

Ma et al. (2020) was employed for this purpose with certain modifications. 

The calibration procedure was carried out through the following sequential steps: 

a. The IMERG rainfall product is available at a spatial resolution of 0.1⁰ × 0.1⁰. In 

contrast, the IMD daily gridded rainfall dataset is available at a coarser spatial resolution 

of 0.25⁰ × 0.25⁰. The IMERG data was first regridded to 0.25⁰ using bilinear interpolation 

so that both datasets are comparable on a grid-by-grid basis. 

The bilinear interpolation method estimates values at a new location by applying linear 

interpolation sequentially in both the latitude and longitude directions. It takes into 

account the four closest grid cells from the source dataset and combining their 

contributions to assign a smooth and continuous value to the target point. This step 

ensures that every IMD grid cell has a matching IMERG grid cell covering the same area 

in order to properly align the two datasets spatially. 

b. IMD records daily rainfall, based on a 24-hour accumulation from 08:30 IST to 

08:30 IST the next day. On the other hand, IMERG records rainfall in standard UTC time 

and provides half-hourly data throughout the day. To bring both datasets onto the same 
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time frame, the IMERG time series was adjusted to start from 03:00 UTC (which 

corresponds to 08:30 IST) each day and extend to 02:30 UTC of the following day. This 

step ensures temporal consistency between the satellite-derived and ground-observed 

datasets by representing the same 24-hour period. 

c. For each day, the IMERG daily rainfall total was computed by summing the 48 

half-hourly precipitation values within the adjusted 24-hour window (from 03:00 UTC of 

the current day to 02:30 UTC of the next day). This daily IMERG value serves as the 

reference for calculating sub-daily temporal weights, which describe how the rainfall is 

distributed across the different half-hour intervals within the day. 

d. In this step, the fraction of rainfall occurring in each half-hour was calculated 

relative to the daily IMERG total. These fractions are called temporal disaggregation 

weights and are calculated as: 

      𝑊𝑖 =⁡
𝑅𝑖

∑ 𝑅𝑖
48
𝑖=1

           (5.1) 

where 𝑊𝑖 is the temporal weight for the 𝑖th half-hour interval, and 𝑅𝑖 is the IMERG rainfall 

in that interval. These weights represent the proportional contribution of each half-hour 

to the total daily rainfall and capture the timing and pattern of rainfall that IMERG detects. 

e. The temporal disaggregation weights derived from IMERG were then multiplied 

by the IMD daily rainfall at each grid point to produce the final calibrated half-hourly 

rainfall dataset at 0.25⁰ resolution as 

            𝐼𝑀𝐸𝑅𝐺𝑐𝑎𝑙𝑖𝑏𝑟𝑖𝑡𝑒𝑑 = 𝑊𝑖 ×⁡𝐼𝑀𝐷𝑑𝑎𝑖𝑙𝑦                    (5.2) 

This ensures that the daily rainfall total matches the IMD data and the sub-daily 

distribution pattern is retained from the IMERG. 

f. If IMERG daily rainfall was zero but IMD reported non-zero rainfall, the IMD 

daily total was evenly distributed across all 48 half-hour intervals, assigning equal rainfall 

to each time step. If the IMD daily rainfall was zero the calibrated half-hourly rainfall 

values were also set to zero regardless of any non-zero IMERG estimates. This ensures 

strict adherence to the ground truth in terms of rainfall occurrence. 

g. In situations where the IMERG signal is sparse, particularly when only one or two 

half-hourly time steps record non-zero rainfall, a direct application of temporal weights 

may result in unrealistically high sub-daily intensities when the IMD daily is higher. To 

address this, a 5-point symmetric triangular kernel was employed to redistribute the IMD 

daily rainfall more realistically across time. Mathematically, the kernel is defined over 5 
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half-hourly intervals such that the centre receives the highest weight, and adjacent steps 

receive proportionally less, while the entire kernel sums to unity. 

This approach ensures a product that combines the temporal richness of satellite data with 

the accuracy of gauge observations, making it suitable for hydrological modelling, 

climate studies, and extreme event analysis. The resulting dataset will be available for a 

period of 20 years (2001 to 2020) and it has been named as IMDMERG for ease of use. 

The methodological flow chart is shown in Figure 5.1. 

 

Figure 5.1 Methodological flowchart of calibration process 

5.2.3.2 Computation of Rainfall Erosivity Factor 

Already discussed in Chapter 3 
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5.3 Results and Discussion 

5.3.1 Calibration of satellite only IMERG rainfall dataset by IMD daily gridded 

dataset 

Figure 5.2(a–c) presents the spatial distribution of mean annual rainfall over India for the 

period 2001–2020, derived from three different datasets viz. IMERG Final satellite gauge 

product of half-hourly resolution (Huffman et al., 2019), IMD daily gridded data (Pai et 

al., 2014), and the calibrated IMERG or IMDMERG half-hourly rainfall dataset. The 

comparison among these products provides insight into the performance of satellite-based 

precipitation, the gauge-based products, and the efficacy of the calibration procedure 

applied in this study. 

The spatial mean of the mean annual rainfall is estimated as 1200 mm from IMERG, 

1123.34 mm from IMD, and 1123.31 mm from IMDMERG. The IMERG dataset thus 

reports a higher average rainfall, overestimating IMD by approximately 7%. In terms of 

maximum rainfall, the highest mean annual values are 4641.19 mm for IMERG, 5923.91 

mm for IMD, and 5923.91 mm for IMDMERG. The identical values of mean and 

maximum between IMD and IMDMERG reflect the design of the calibration procedure. 

The IMERG data were adjusted to match IMD at each grid point, thereby preserving daily 

rainfall total of IMD in the construction of IMDMERG. This ensures that IMDMERG 

retains the strengths of IMD while maintaining the finer temporal resolution of IMERG. 

However, the spatial patterns reveal more intricate differences. IMDMERG is able to 

preserve the spatial distribution of IMD rainfall. In contrast, IMERG displays spatial 

anomalies that are especially evident in regions of complex terrain and high rainfall. For 

example, both IMERG and IMD datasets depict the Western Ghats as a zone of high 

rainfall. However, the IMD dataset shows that these high values are not only more intense 

but also extend over a larger spatial area compared to IMERG.  

In North East India, both IMERG and IMD detect significant rainfall, but their spatial 

distribution is different. IMERG shows higher values concentrated mainly over 

Meghalaya, Assam, portions of Arunachal Pradesh, Tripura, and Mizoram. In contrast, 

IMD depicts the highest rainfall values over Arunachal Pradesh, Meghalaya, Sikkim, and 

smaller portions of Assam, Tripura, and Mizoram. Such differences highlight the 

challenge of accurately detecting the location and intensity of heavy rainfall in regions 

with complex topography. Other than these critical zones i.e. the Western Ghats and 

TH-3969_176104104



78 

 

Northeast India, the rainfall distribution patterns among IMERG, IMD, and IMDMERG 

show relatively close agreement, suggesting that IMERG final satellite gauge product 

perform better in less complex terrains. 

 

Figure 5.2 Mean Annual Rainfall (2001 to 2020) computed by (a) IMERG, (b) IMD and 

(c) IMDMERG and (d) the difference in Mean Annual Rainfall between IMDMERG and 

IMERG (2001 to 2020) 

The difference map presented in Figure 5.2(d), showing IMDMERG minus IMERG mean 

annual rainfall, further clarifies the spatial anomalies. The regions where IMDMERG 

exceeds IMERG include the Western Ghats (covering Maharashtra, Karnataka, and 

Kerala), Arunachal Pradesh, Sikkim, Meghalaya, and smaller regions in Himachal 

Pradesh and Uttarakhand. Conversely, IMERG shows higher rainfall than IMDMERG in 

selected areas of Meghalaya, Assam, and parts of Arunachal Pradesh. These differences 
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underscore the importance of calibration in regions where satellite algorithms may face 

difficulties due to orographic effects. 

A scatter plot of daily mean rainfall values of IMD and IMERG dataset across all the grid 

points was generated to quantify the agreement between the two datasets and shown in 

Figure 5.3. The resulting coefficient of determination (R²) is 0.612, indicating a moderate 

agreement between the two datasets. This degree of correlation indicates that although 

IMERG reflects overall rainfall variability significant discrepancies still exist. 

The above results indicate a consistent pattern that the largest anomalies between IMERG 

and IMD/IMDMERG occur in the hilly complex terrains specifically in the Western 

Ghats and North East India. These are also the areas where extreme rainfall is most 

frequently observed. This outcome aligns with the findings from previous studies. 

Prakash et al. (2018) and Thakur et al. (2020) have demonstrated that IMERG 

underestimates extreme rainfall events, while Kumar et al. (2022) further reported its 

limitations in high-elevation regions. Such deficiencies are attributable to the inherent 

challenges faced by the IMERG precipitation in capturing extreme precipitation 

intensities and orographic enhancements. 

 

Figure 5.3 Scatter plot of daily mean rainfall values across all grid points comparing IMD 

and IMERG 
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The IMDMERG provides a significant improvement by calibrating IMERG Late product 

against high-resolution gauge-based IMD data, the new dataset preserves the observed 

rainfall magnitudes and spatial distribution while offering the high temporal resolution. 

5.3.2 Rainfall Erosivity Factor Computation 

The primary objective of this chapter is to develop a Rainfall Erosivity Factor (R) map 

using the calibrated IMERG dataset i.e IMDMERG. A continuous 20-year dataset (2001–

2020) of IMDMERG was employed to compute the R factor for the study area, following 

the standard procedure outlined in the RUSLE handbook. The IMDMERG dataset 

provides rainfall estimates at a spatial resolution of 0.25⁰ and a temporal resolution of 30 

minutes. The final analysis, therefore, results in an R factor map with 0.25⁰ grid 

resolution, as no interpolation was applied during the process and each grid cell represents 

a fixed value corresponding to its 0.25⁰ × 0.25⁰ area. 

During the computation of R factor values from IMDMERG, it was observed that certain 

locations in Meghalaya exhibited exceptionally high erosivity values. These extreme 

values are distinctly visible in the latitude vs. R factor scatter plot Figure 5.4. To avoid 

the overestimation, the R factor values at these locations were restricted to a maximum 

threshold value prior to the generation of the final R factor map. The threshold value is 

fixed as 49,935 MJ.mm/ha.h.yr, which is the maximum historical R Factor of India stated 

by Das and Jain (2023). This correction affected eight grid points in Meghalaya, which 

also corresponded to the locations recording the highest mean annual rainfall across the 

dataset. 

 

Figure 5.4 Rainfall Erosivity Factor vs. Latitude scatter plot for visualising the extreme 

values 
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Further investigation into the root cause of these anomalies revealed that, in some 

locations, the IMERG Final satellite gauge product represented daily rainfall totals in only 

three or four half-hourly intervals. While the IMD daily dataset reported large rainfall 

amounts, IMERG distributed this rainfall into fewer time steps, leading to unrealistically 

high rainfall intensities within short intervals. To address this issue, an additional step 

(point g of 5.2.3.1) was introduced in the methodological framework. This step employed 

a five-point symmetric triangular kernel to distribute high rainfall spikes across five 

consecutive half-hourly intervals, thereby reducing the problem of extreme sub-daily 

intensities. However, this adjustment was applied only when such anomalies were 

detected in up to two time steps per day. If more than two such anomalies occurred, no 

correction was applied and the original IMERG distribution was retained. The 

intervention was deliberately restricted to two consecutive time steps to prevent excessive 

modification of the IMERG dataset. Extending the adjustment beyond this limit could 

distort its inherent structure and compromise the originality of the dataset. 

 

Figure 5.5 Rainfall Erosivity Factor of India (2001 to 2020) using (a) IMERG (0.1⁰, half 

hourly) and (b) IMDMERG (0.25⁰, half hourly) rainfall dataset 

It is important to note that such anomalies are not unexpected, given the limitations of 

satellite-based precipitation products. Previous studies, including Ma et al. (2020), have 

reported that IMERG often underperforms in mountainous regions and under extreme 

rainfall conditions. Furthermore, IMERG may sometimes interpret a series of consecutive 

storms as a single prolonged rainfall event, which in turn can lead to an overestimation 

of erosivity. The final R factor map derived from IMDMERG is presented in Figure 
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5.5(b). The values range between 0 and 49,935 MJ.mm/ha.h.yr, with a spatial mean of 

3063 MJ.mm/ha.h.yr. This mean is approximately 40% higher than the mean R factor 

computed using IMERG Final satellite gauge product. 

Although the IMERG dataset slightly overestimates the spatially averaged rainfall 

compared to IMD (by about 7%), the rainfall erosivity factor (R factor) does not depend 

solely on total rainfall amount. Instead, it is primarily governed by rainfall intensity and 

the temporal distribution of precipitation events. While IMDMERG rainfall values are 

adjusted to be closer to IMD in terms of total rainfall volume, this correction process can 

modify the intra-day rainfall structure, particularly the frequency, duration and intensity 

of rainfall events. A higher average rainfall indicates greater rainfall volume, but greater 

volume does not necessarily imply higher intensity. The R factor increases mainly due to 

the presence of more intense and long-duration rainfall events, which contribute 

disproportionately to erosivity through higher kinetic energy. Therefore, the observed 

40% increase in the R factor derived from IMDMERG compared to IMERG highlights 

the fact that rainfall erosivity is more sensitive to rainfall intensity characteristics than to 

mean rainfall totals. Consequently, even small variations in rainfall volume can lead to a 

pronounced amplification of R factor values when intense rainfall events are more 

frequent. 

A comparison between the spatial distributions of the IMERG-based and IMDMERG-

based R factors is provided in Figure 5.5 (a-b). Both maps reveal that higher erosivity 

values are concentrated in the Western Ghats and North East India. However, the extent 

and spatial distribution of these high values differ between the two datasets. In the 

IMDMERG map, the Western Ghats display a broader spatial coverage of high R factor 

values compared to the IMERG map. In North East India, the IMDMERG map highlights 

concentrated high values across parts of Meghalaya, Assam, Arunachal Pradesh, and the 

adjoining region of West Bengal bordering Sikkim and Assam. In contrast, the IMERG 

map shows higher values mainly over Meghalaya and certain other parts of Assam that 

differ from the IMDMERG hotspots. The IMDMERG derived map also identifies 

additional zones of high erosivity over the Eastern Ghats that are not as prominently 

represented in the IMERG based map. Low R factor values are consistently observed in 

both maps across southern and northern India. However, IMDMERG also shows 

moderate erosivity values in central India which are not present in the map derived from 

IMERG. These differences underscore the value of calibration with daily observed 
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rainfall dataset in enhancing the satellite rainfall products. The ability of IMDMERG to 

capture additional erosivity hotspots demonstrates the potential of this dataset to provide 

more robust and spatially representative erosivity estimates. 

5.4 Conclusion 

The present chapter has undertaken a comprehensive exercise to calibrate the satellite 

precipitation product IMERG (Late) (0.1⁰, half hourly) with the ground-based IMD 

gridded dataset (0.25⁰, daily), with the objective of producing a high-resolution gauge 

adjusted rainfall dataset for the study area. The calibrated dataset has been termed 

IMDMERG (0.25⁰, half hourly). The calibration was carried out using the Daily Spatio-

Temporal Disaggregation Calibration Algorithm (DSTDCA) proposed by Ma et al. 

(2020) with certain modifications. The results indicate that IMERG Final Satellite gauge 

product slightly overestimates rainfall with a spatial mean of 1200 mm as compared to 

1123 mm from IMD. Spatial analysis further revealed some discrepancies in complex 

terrains such as over the Western Ghats and Northeast India. In contrast, IMDMERG 

successfully reproduced both the spatial distribution and magnitudes of IMD rainfall 

while retaining the finer temporal resolution of IMERG. The R factor map was generated 

using the IMDMERG dataset following the standard method outlined in RUSLE 

handbook. This map identified additional high erosivity zones over the Eastern Ghats and 

parts of Arunachal Pradesh, which were absent in the R-factor map derived from IMERG 

Final satellite gauge product. 

Overall, the findings demonstrate that IMDMERG offers a distinct improvement over 

IMERG by combining the spatial accuracy of IMD with the temporal richness of IMERG. 

The enhanced dataset strengthens the reliability of erosivity estimates and provides 

significant utility for soil erosion and related hydrological studies. 
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Chapter 6                                                                                   

Climate change impact on Rainfall Erosivity Factor under 

CMIP6 shared socio-economic pathways 

6.1 Introduction 

In this chapter an effort has been made to examine the impact of the climate change on 

the Rainfall Erosivity factor over the major contributing watershed of “Deepor beel” (beel 

is the synonym for wetland in Assamese language) of Guwahati, Assam for two shared 

socio-economic pathways of CMIP6. Guwahati, once abundant with water bodies and 

ponds, relied on these natural reservoirs to balance rainfall during the monsoon season. 

However, the unplanned urbanization of the city has led to the rampant shrinkage of these 

water bodies due to illegal encroachments. Among all the water bodies in the region, 

“Deepor beel” stands out as the largest and holds the prestigious designation of being a 

Ramsar site, highlighting its ecological and environmental significance. The urban flood 

of Guwahati is heavily dependent on the carrying capacity of “Deepor beel”. The 

shrinking of the total area of the waterbody is visible cause for declining the carrying 

capacity of “Deepor beel” (Bordoloi, 2015). However, there is an unseen or often ignored 

cause present, which is affecting the carrying capacity in the vertical direction in terms of 

deposition of sediments (Baishya and Sarma, 2024). One of the main reasons for this 

increased sedimentation is expansion of the city in the hills, where people are cutting 

forest to construct their houses which is making the soil vulnerable to erosion. During 

heavy rainfall, erosion occurs in these areas and the eroded soil flows with the runoff 

water and gets deposited, which plays a major role in declining the water capacity of 

urban drains along with various natural reservoirs, further aggravating Guwahati's urban 

flooding issues. This study holds particular importance for the Pamohi watershed in 

Guwahati City. The climate change-driven intensified rainfall and soil erosion contribute 

significantly to urban flooding and the sedimentation of nearby natural reservoirs. These 

conditions generate serious risks to sustainable urban water management. The current 

study will be very much instrumental in designing the future flood mitigation plan of 

Guwahati city. 

As outlined in Chapter 1, this study adopts two distinct approaches to investigate the 

potential impacts of climate change on Rainfall erosivity factor. In the first approach, a 

Multiple Linear Regression (MLR) based empirical equation will be developed to 
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estimate the rainfall erosivity factor (R Factor). This equation will then be applied to 

project future R Factor values under varying climate scenarios. In the second approach, 

the projected daily rainfall data from Global Climate Models (GCMs) will be 

disaggregated into hourly rainfall series. The standard procedure given in the RUSLE 

handbook will be applied to compute the future R Factor using the disaggregated high-

resolution rainfall data. Both approaches will be applied to the same study area for a 

comprehensive comparative assessment of their results. A detailed comparison and 

discussion of the outcomes from these two methodologies will also be presented. 

6.2 Study Area 

The Ministry of Environment, Forest and Climate Change has designated “Deepor Beel” 

as an Eco-sensitive zone. This area is notable for being Assam's sole Ramsar site, situated 

to the southwest of Guwahati city. It offers a distinctive environment for both aquatic 

plants and bird species and holding significant biological and ecological value. 

Additionally, “Deepor Beel” serves as a primary storm water reservoir for Guwahati city. 

In the winter months, the water surface area of the lake reduces by approximately fifty 

percent leading to the exposure of the shoreline extending up to one kilometer. This 

exposed land becomes suitable for cultivating rice paddy, thanks to the cooler and drier 

climatic conditions. The tropical monsoon season extends from May to September, 

characterized by high humidity, while pre-monsoon showers occur from March to May. 

Between May and September, the lake primarily receives water from several sources, 

including the Pamohi, Kalmani, and Khanajan rivers, as well as local runoff from the 

monsoon rains. However, Pamohi river contributes maximum amount of water to 

“Deepor Beel” and the Pamohi watershed covers almost half of Guwahati City. In this 

study, the Pamohi watershed has been considered to compute the present and future 

rainfall erosivity factor considering climate change scenario. The location of the study 

area is presented in Figure 6.1. The area of the watershed is approximately 156 km2. The 

watershed is significant from the context of urban floods occurring every year in 

Guwahati city. Rapid urbanization, driven by increased housing and construction 

activities in the city, has resulted in a rise in buildings, streets, and other impervious 

surfaces. This development has significantly reduced the number of inland wetland 

pockets and clogged drainage systems, contributing to uncontrolled flooding. 

Additionally, the unplanned expansion of the city to accommodate the growing 

population has caused extensive encroachment into wetlands, low-lying areas, and hills, 
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along with a reduction in forest cover. The resulting deforestation of hills and loss of 

wetlands have exacerbated issues like artificial flooding and waterlogging. 

 

Figure 6.1 Location of the study area 

 

6.3 Data Used 

6.3.1 IMD Daily gridded data 

The IMD gauge based daily gridded data has a spatial resolution of 0.25 degree. The daily 

rainfall records of almost 7000 gauge stations spread all over the India are used to develop 

this data set (Pai et al., 2014). The unit of rainfall is in millimetre. The spatial extent of 

the dataset is 6.5N & 66.5E to 38.5N & 100.0E. The data is available from 1901 to present 

and in our study the dataset from 1986 to 2014 has been used. 

6.3.2 Rain Gauge data 

The half hourly rainfall data were obtained from a raingauge station located at the India 

Meteorological Department (IMD) office in Guwahati, Assam, India (26.1077° N, 
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91.5938° E). The required half-hourly data for developing the Multiple Regression Model 

were not available in digital format and were manually extracted from pluviograph. The 

dataset covers the period from 1996 to 2010 and from 2013 to 2016. Data for the years 

2011 and 2012 were not available due to instrument malfunction during that time. 

6.3.3 CMIP6 precipitation data 

CMIP6 uses shared socio-economic pathways (SSPs) instead of Representative 

Concentration Pathways (RCPs) used in CMIP5. While RCPs focused solely on 

emissions and radiative forcing, SSPs integrate socioeconomic narratives, providing a 

broader context for climate and policy analysis. The bias-corrected daily precipitation 

dataset developed by Mishra et al. (2020) for Southeast Asia has been utilized for rainfall 

erosivity estimation. This study used two combined scenarios of the Shared 

Socioeconomic Pathways: SSP2 with RCP4.5 and SSP5 with RCP8.5. This dataset used 

in this study covers both the historical period (1986–2014) and three future timeframes: 

near future (2015–2040), mid future (2041–2070), and far future (2071–2100). 

Mishra et al. (2020) utilized the high-resolution 0.25-degree gridded precipitation dataset 

from the India Meteorological Department (IMD) for bias correction of CMIP6 

precipitation projections over the Indian region. The bias-corrected projections 

maintained spatial consistency with the patterns observed in the original CMIP6 GCM 

outputs (Das and Jain, 2023). Mishra et al. (2020) provided bias-corrected precipitation 

data derived from 13 different Global Climate Models (GCMs). 

6.4 Statistical Parameters for performance evaluation 

In this study, different combinations of the following statistical parameters are used for 

assessing performance of MLR model based empirical equations and various Global 

Climate Models (GCMs). 

Coefficient of determination, R2 = [
∑ (Yi

obs−Yobs)(Yi
com−Ycom)

n
i=1

√∑ (Yi
obs−Yobs)

2n
i=1

√∑ (Yi
com−Ycom)

2n
i=1

]

2

     (6.1)
  

Nash-Suttcliffe efficiency, NSE = 1 − [
∑ (Yi

obs−Yi
com)

2
n
i=1

∑ (Yi
obs−Yobs)

2n
i=1

]       (6.2)

 
Root Mean Square Error, RMSE = √

1

n
∑ (Yi

com − Yi
obs)2n

i=1       (6.3) 
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Percentage Error, P. E =
|Computed⁡Value−Actual⁡Value|

|Actual⁡Value|
× 100%     (6.4)  

Mean Absolute Error, MAE =  
1

n
∑ |Yi

obs −⁡Yi
com|n

i=1                               (6.5)  

Percent BIAS, PBIAS = 
1

n
∑

Yi
com−Yi

obs

Yi
obs ⁡× 100n

i=1         (6.6) 

where Yicom is the ith computed value of a parameter; Yi
obs is the ith observed value of the 

parameter and Yobs is the mean value of the observed data series, and Ycom is the mean 

value of the computed data series of the parameter. 

The R² indicates how much of the variability in the observed data is explained by the 

model. Its value ranges between 0 and 1, with values closer to 1 representing a better fit 

and values near 0 showing poor explanatory power. NSE evaluates the predictive skill of 

a model by comparing simulated values to observed data, where values closer to 1 indicate 

better performance. RMSE indicates the standard deviation of prediction errors, 

emphasizing larger errors due to squaring. The P.E expresses the relative difference 

between computed and actual values as a percentage. It is always non-negative, and lower 

percentages signify better prediction accuracy, while higher percentages denote poor 

performance. MAE represents the average magnitude of errors between observed and 

simulated values, without considering direction. PBIAS measures the average tendency 

of simulated values to be overestimated or underestimated compared to observed data. 

6.5 Effect of Climate Change on Rainfall Erosivity Factor through 

developing Multiple Linear Regression based empirical equation 

6.5.1 Methodology 

6.5.1.1 Rainfall Erosivity Factor 

Equation (6.7) represents the unit energy relationship between energy and rainfall 

intensity proposed by Brown and Foster in the year 1987 (Renard et al., 1997). 

er= 0.29 ×[1-0.72×exp(-0.05.i)]                                                                                   (6.7) 

where,  

er= Rainfall energy, unit: MJ.ha-1.mm-1 and 

i = Rainfall Intensity, unit: mm.h-1 

The rainfall erosivity factor (R) is given as 
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R =
∑ (EI30)i
j
i=1

N
                                                                                                                        (6.8) 

where (EI30)i= EI30 for storm i and j = number of rainfall event in a period of N year 

Now, E = (∑ ervr)⁡
k
r=1  and I30 = maximum intensity among all the 30 minutes in a storm 

event, where vr is the depth of rainfall expressed in mm during the rth interval of a storm 

event subdivided into k parts. 

6.5.1.2 Multiple Linear Regression 

In a multiple linear regression model, two or more variables are combined by a linear 

equation to predict the outcome. The outcome is generally called dependent or study 

variable, and the variables which are combined to give this outcome are called an 

independent or explanatory variable. The general form of Multiple linear regression 

model is as follows 

y= α0 + α1x1 + α2x2 + α3x3………………. αnxn +ɛ       (6.9) 

where, α0, α1, α2, α3 ……… αn are called the coefficient of regression linked with x1, x2, 

x3………xn and ɛ is the model’s random error term, which is to be added to the fitted 

linear equation to get the exact outcome (Salleh et al., 2017). Multiple linear regression 

analysis involves three fundamental steps: Specification, Calibration, and Validation. 

During the Specification step, models and predictors are chosen. In the Calibration step, 

the relationship between dependent and independent variables is established, and the 

model's accuracy is assessed during the Validation stage.  

6.5.1.3 Model Development 

Parameter Selection 

The present study establishes the multiple linear regression model, employing EI30month, 

defined as the cumulative monthly sum of EI30 values attributed to all storm events within 

that period, as the dependent variable to develop various empirical equations. 

Concurrently, several parameters representing precipitation characteristics are 

incorporated as independent variables. These parameters are systematically integrated 

into the model. The parameters are sourced from diverse literature. The investigation 

rigorously assesses the correlation with the help of Pearson Correlation Coefficient 

between these parameters and EI30month values. 
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The selected parameters are, the monthly summation of daily rainfall having a value 

greater than 10 mm, denoted as Rain10 (Loureiro and Coutinho, 2001), the number of 

days of a month having the daily rainfall value greater than 10 mm, denoted as Days10 

(Loureiro and Coutinho, 2001), Modified Fournier Index (MFI) (Arnoldous, 1977) 

The expression for MFI is given as 

⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡MFI = ⁡∑
Pi
2

P

12
i=1                                                                          (6.10)  

where denoting Pi as the monthly rainfall of ith month and P as the annual rainfall of the 

respective year. A novel parameter, designated as MFImonth, is introduced in this study 

and used in the models. It is computed as the ratio of the Pi
2 and P for each month. The 

fourth and final parameter is the monthly rainfall considering all the rainfall events and 

denoted as Rainmonth (Loureiro and Coutinho, 2001). 

Table 6.1 represents the Pearson Correlation Coefficient for each parameter with 

EI30month value. In a general context, the Pearson correlation coefficient serves as a 

quantitative indicator delineating the extent of linear correlation between two variables 

or data series. 

Pearson correlation coefficient, Pc =
n∑xiyi−∑xi ∑yi

√n∑xi
2−(∑xi)

2√n∑yi
2−(∑yi)

2
                          (6.11) 

where xi and yi are the values of two data series, and n is no. of such pairs.  

 

Table 6.1 Pearson correlation coefficient for various parameters 

Parameter Pearson Correlation Coefficient 

Rain10 0.79491 

Days10 0.64661 

MFImonth 0.77919 

Rainmonth 0.78539 

 

Table 6.1 presents an overview wherein all parameters exhibit positive correlations, with 

Rain10 demonstrating the highest correlation coefficient. The temporal dynamics of 

EI30month, alongside the selected parameters, are visually depicted in Figure 6.2. 

TH-3969_176104104



91 

 

 

Figure 6.2 Temporal variation of EI30month and a) Rain10, b) Days10, c) MFImonth and d) 

Rainmonth 

 

The dataset for independent variables was prepared by utilizing 19 years of data spanning 

1996 to 2010 and 2013 to 2016. MATLAB computer programming facilitated the 

calculation of parameter values from this extensive dataset. During model development, 

11 months' worth of data were excluded due to the presence of sufficiently large number 

of missing values, preventing the calculation of EI30month values for those specific 

months. Subsequently, calibration was performed using data from 162 months (1996 to 

2009), while the models were validated with approximately 25%, equivalent to 55 

months' worth of data (2010 and 2013 to 2016). 
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During the calibration process, the Multiple linear regression based empirical equations 

are developed by using the rainfall data of 162 months (1996 to 2009) and changing the 

combination of independent variables. During the validation phase, the newly developed 

empirical equations are used to calculate the EI30month by using the selected monthly 

parameters of those 55 months (2010 and 2013 to 2016), those months which are not 

included in the calibration process.  

Performance evaluation of MLR based empirical equations 

To assess the performance of the Multiple Linear Regression (MLR) based empirical 

equations, the Coefficient of Determination (R²), Nash–Sutcliffe Efficiency (NSE), Root 

Mean Square Error (RMSE), and Percentage Error (P.E.) (Equation 6.1, 6.2, 6.3 and 6.4) 

have been chosen. In this study, the EI30month value calculated as per standard method 

(Renard et al., 1997) is considered as observed or actual value, and the EI30month value 

calculated by various newly developed empirical equation is considered as computed 

value to evaluate the R2, NSE and RMSE but for the evaluation of P.E the actual value is 

the R factor calculated as per standard method and the computed value is the R factor 

calculated by newly developed empirical equation. 

The R2, NSE, and RMSE are individually presented for both calibration and validation 

across all models. In calibration part, these parameters are calculated by using the actual 

EI30month and computed EI30month value of 1996 to 2009 (utilizing 162 months' data for 

calibration). Subsequently, during the validation phase, the parameters are determined by 

comparing the actual EI30month values with the computed EI30month values from 2010 and 

2013 to 2016 (employing 55 months' data for validation). For the evaluation of Percentage 

Error (P.E), the R factor is computed by all the empirical equation by using the computed 

EI30month data of all the years except the six years where data insufficiency was found.  

To detect multicollinearity among the independent variables in the multiple linear 

regression (MLR) models, the Variance Inflation Factor (VIF) was used. VIF measures 

how much the variance of a regression coefficient is inflated due to multicollinearity. A 

high VIF indicates that a predictor may be redundant, as it carries similar information to 

other predictors (Akinwande et al., 2015). 

Mathematically it can be expressed as 

Variance Inflation Factor, 𝑉𝐼𝐹𝑖 =
1

1−𝑅𝑖
2        (6.12) 
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where 𝑅𝑖
2 is the coefficient of determination when predictor 𝑋𝑖 is regressed on all other 

predictors. If 𝑅𝑖
2 is high then 𝑉𝐼𝐹𝑖 will also be high, which means that predictor is highly 

correlated with others. 

A VIF value of 1 indicates that a predictor has no correlation with other predictors, which 

is the ideal situation in multiple regression. When VIF values fall between 1 and 5, it 

suggests moderate correlation, which is generally acceptable and not a major concern. 

However, if the VIF exceeds 5, it points to a potential multicollinearity problem, and the 

predictors should be carefully examined. A VIF greater than 10 signals a serious 

multicollinearity issue, where immediate action is needed, such as removing or reducing 

variables to stabilize the regression model. 

The best empirical equation will be selected by comparing the result of all the statistical 

parameters. After that, the best equation will be compared with some available empirical 

methods, widely used in many recent studies. P.E is considered as the tool for comparing 

the models, where the actual value will be the R factor calculated as per standard method 

from RUSLE guidebook and the computed value will be the R factor calculated by these 

methods using the same rainfall dataset. The methodology for development of empirical 

equation has been shown in Figure 6.3. 

 

Figure 6.3 Methodological flowchart for development of Multiple Linear Regression 

Model based empirical equations 
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The statistical significance and reliability of the coefficients of the best model will also 

be evaluated using several standard parameters viz. Standard Error (S.E), t value, p value 

and confidence interval.  

The standard error of a regression coefficient provides a measure of the variability of the 

estimated coefficient across repeated samples. Mathematically, it is expressed as 

𝑆𝐸⁡(𝛽𝑗) = ⁡√𝑉𝑎𝑟⁡(𝛽𝑗) = ⁡√𝑠2(𝑋𝑇𝑋)𝑗𝑗
−1       (6.13) 

where,  𝑠2 represents the residual variance represents the square of Root Mean Square 

Error (RMSE), 𝑋 is the design matrix of predictors, and (𝑋𝑇𝑋)
𝑗𝑗

−1
 is the 𝑗th diagonal 

element of the inverse matrix. A smaller SE indicates greater precision in the estimation 

of the coefficient, whereas a larger SE implies more uncertainty. The interpretation of 

whether an SE is considered small or large depends on the scale of the coefficient relative 

to the predictor variable and the overall variability in the data. 

The t value assesses the statistical significance of a regression coefficient by comparing 

the estimated coefficient to its standard error. It is mathematically expressed as 

𝑡𝑗 =⁡
𝛽𝑗

𝑆𝐸⁡(𝛽𝑗)
           (6.14) 

A higher absolute t value indicates stronger evidence that the coefficient is significantly 

different from zero, while a lower absolute value suggests weaker evidence. The threshold 

for high or low t value depends on the critical value of the t distribution at the chosen 

confidence level and the sample size. 

The p value quantifies the probability of obtaining a test statistic at least as extreme as the 

observed t value under the null hypothesis that the true coefficient is zero. It is 

mathematically expressed as 

𝑝𝑗 = 2𝑃(𝑇𝑛−𝑘 > |𝑡𝑗|)         (6.15) 

where,  𝑇𝑛−𝑘 follows a t-distribution with 𝑛 − 𝑘 degrees of freedom. Smaller p-values 

indicate strong evidence against the null hypothesis, signifying statistical significance. 

Conversely, larger p values suggest insufficient evidence to reject the null. Thus, the 

interpretation of low or high p-values depends on the significance threshold (𝛼) set.  
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The confidence interval provides a probable range within which the true population 

coefficient is expected to lie with a specified probability. It is computed as 

𝐶𝐼𝑗 = 𝛽𝑗 ± 𝑡𝛼
2
,𝑛−𝑘. 𝑆𝐸(𝛽𝑗)        (6.16) 

where, 𝑡𝛼
2
,𝑛−𝑘 is the critical value of the t-distribution at the chosen significance level. 

Narrower confidence intervals indicate more precise coefficient estimates, while wider 

intervals imply greater uncertainty. Importantly, if the CI does not include zero, the 

coefficient is considered statistically significant at the chosen confidence level. 

6.5.1.4 Performance evaluation of GCMs 

By using the best equation, the R Factor will be computed from bias-corrected daily 

precipitation outputs derived from 13 Global Climate Models (GCMs) of Coupled Model 

Intercomparison Project Phase 6 (CMIP6) for the historical period (1986–2014). These 

model-based estimates were compared against the R Factor values derived from gridded 

daily rainfall data provided by the India Meteorological Department (IMD) using the 

same equation, which will be served as observational reference. 

To assess the performance and reliability of each GCM in replicating observed rainfall 

erosivity the statistical parameters Nash-Sutcliffe Efficiency (NSE), Root Mean Square 

Error (RMSE) and Mean Absolute Error (MAE) (Equation 6.2, 6.3 and 6.5) will be used. 

In their recent review on the relationship between climate change and soil erosion, 

Eekhout and de Vente (2022) highlighted the necessity of utilizing multiple bias-

corrected climate model datasets to reduce uncertainties in estimating rainfall erosivity 

and associated soil erosion risks. They recommended to use an ensemble of at least five 

models to enhance the reliability of projections. In alignment with this approach, the 

present study incorporates an ensemble of five carefully selected GCMs to assess the 

potential impacts of climate change on rainfall erosivity. 

Each GCM will be individually ranked based on its performance under each metric. 

Subsequently, a cumulative rank will be calculated by summing the individual ranks 

across all three metrics. The GCM with the lowest total rank will be designated as the 

best-performing model, followed by the one with the second-lowest rank as the second-

best, and so on. 

Building upon the insights gained from the historical evaluation, projections of the R 

Factor were extended to three future time horizons, Near Future(2015–2040), Mid Future 

(2041–2070), and Far Future (2071–2100), considering two Shared Socioeconomic 
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Pathways viz. SSP245 and SSP585. These future R Factors were estimated using the same 

empirical equation used for computing the historical R factors, employing the bias-

corrected daily precipitation data from the set of five best performing CMIP6 models. 

The methodological flow chart for climate change study is shown in Figure 6.4. 

 

Figure 6.4 Methodological flow chart for climate change study 

 

6.5.2 Results and Discussion 

6.5.2.1 Calculation of Rainfall Erosivity Factor (R) of Guwahati 

The long term Rainfall Erosivity Factor (R) for Guwahati is calculated as per the standard 

method given in RUSLE guidebook  (Renard et al., 1997). In this study, we have gone 

through 19 years of half-hourly rainfall data of Guwahati, where 549 erosive events are 

present. The erosive events are identified by the criteria present in RUSLE guidebook. 

Among the 19 years data, some data are missing in 11 nos. of months, and these months 

are distributed among six years in the data series (1998, 2005,2009,2013,2015 and 2016). 

The years with missing data are not considered in the computation of R factor and annual 

R factor. However, in the development of Multiple linear regression (R) model based 

empirical equations, only the months with missing data are excluded, as in this study the 

MLR models are generated in monthly scale. After eliminating the 6 years data the total 

erosive events are reduced to 425. The annual R factor within the specified timeframe 
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exhibits a range from 4011 MJmm/ha.h.year (minimum) to 13338 MJmm/ha.h.year 

(maximum). The Long-Term Rainfall Erosivity Factor (R) for Guwahati is calculated as 

7623 MJmm/ha.h.year, determined by the summation of the Annual R Factor over 13 

years. As per the literature, before this study, only one attempt was made to calculate the 

rainfall erosivity factor (R) of Guwahati city by using hourly data of 1 year in the year 

2004 (Sarma et al. 2005). The calculated R factor value was 9259 MJmm/ha.h.year. This 

value of R factor was used in various studies related to hilly areas of Guwahati city such 

as estimation of soil loss by incorporating hill cut factor (Patowary et al., 2019; Patowary 

and Sarma, 2018), application of optimal ecological management practices (Sarma et al. 

2013; Sarma & Sarma 2016; Sarma et al. 2015), assessing the sustainable carrying 

capacity of urban areas situated in hilly regions prone to flooding. (Sarma et al. 2016) etc.  

The long-term R factor of Guwahati will be used for calculating the Percentage Error 

(P.E) of all the models. 

6.5.2.2 Development of MLR based empirical equation and their performance 

analysis 

As shown in Table 6.2, eleven Multiple linear regression (MLR) model based empirical 

equations are developed by using EI30month and various combinations of Rain10, Days10, 

MFImonth, and Rainmonth. The equations are developed without an intercept to maintain 

physical consistency, as EI30month should be zero when rainfall or rainfall-based 

parameters are zero. Including an intercept could lead to unrealistic non-zero EI30month 

values in the absence of rainfall. Thus, forcing the regression through the origin makes 

the coefficients more interpretable and physically meaningful. In all the models Rain10 

and MFImonth are positively related to the EI30month. However, Days10 is negatively 

related to EI30month in all the models except Model 4, where it is combined with MFImonth 

alone, and Rainmonth is positively related with EI30month in all the models except Model 3 

and 9. Hence, Days10 is negatively related to EI30month when either Rain10 or Rainmonth 

or both are combined with Days10. Upon scrutiny of the aforementioned pattern, it is 

evident that, for a given month, a higher volume of rainfall concentrated over fewer days 

corresponds to an elevated EI30month value. 
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Table 6.2 The list of newly developed MLR model based empirical equation and their 

performance analysis 

Model 

No. 

Equation Calibration Validation R 

Factor 

(MJmm

/ha.h.ye

ar) 

Perc

enta

ge 

Erro

r (%) 

R2 NSE RM

SE 

R2 NSE R

MS

E 

Model 

1 

EI30month= 10.995×Rain10 - 

137.601×Days10 

0.689 0.688 451.

793 

0.735 0.730 53

2.1

20 

7405 2.86 

Model 

2 

EI30month = 3.908×Rain10 + 

9.633×MFI 

0.643 0.643 649.

732 

0.615 0.609 64

0.5

62 

7312 4.08 

Model 

3 

EI30month = 9.657×Rain10 - 

3.235×Rainmonth 

0.637 0.637 487.

927 

0.643 0.632 62

1.2

62 

7462 2.11 

Model 

4 

EI30month=11.447×Days10+ 

24.926×MFI 

0.618 0.609 506.

193 

0.582 0.565 67

6.1

50 

6514 14.5

5 

Model 

5 

EI30month = -159.459× 

Days10+ 0.235×Rainmonth 

0.676 0.673 463.

010 

0.735 0.726 53

6.3

90 

7805 2.39 

Model 

6 

EI30month = 13.205×MFI + 

2.720×Rainmonth 

0.638 0.638 487.

066 

0.608 0.602 64

6.8

60 

7290 4.36 

Model 

7 

EI30month= 10.248×Rain10 - 

132.265×Days10 + 2.602 

×MFI 

0.690 0.689 451.

298 

0.710 0.707 55

4.2

56 

7329 3.86 

Model 

8 

EI30month = 8.266×Rain 10 -

151.045×Days10 + 2.811 

×Rainmonth 

0.691 0.691 450.

167 

0.738 0.734 52

8.5

65 

7526 1.28 

Model 

9 

EI30month = 5.955×Rain10 + 

8.702×MFI -1.615 ×Rainmonth 

0.644 0.644 482.

768 

0.618 0.612 63

8.0

09 

7259 4.78 

Model 

10 

EI30month = -142.869× Days10 

+8.945×MFI + 

8.075×Rainmonth 

0.684 0.684 454.

985 

0.697 0.695 56

6.3

91 

7466 2.06 

Model 

11 

EI30month = 6.702×Rain10 -

145.597×Days10 + 3.796 

×MFI + 3.300×Rainmonth 

0.692 0.692 449.

159 

0.711 0.709 55

2.8

31 

7436 2.45 

 

The efficacy of each model is assessed through key metrics, including R2, NSE, RMSE 

and P.E with the comprehensive results presented in Table 6.2. For the calculation of P.E 

values the actual value is the R factor of Guwahati calculated by using half-hourly rainfall 

data i.e., 7623 MJmm/ha.h.year. The multicollinearity among predictors was evaluated 

using Variance Inflation Factor (VIF) and presented at Table 6.3.  
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Table 6.3 Variance Inflation Factor (VIF) of predictors of  Eleven Multiple Linear 

Regression Models. 

Model Variable VIF 

Model - 1 
Rain10 3.518 

Days10 3.518 

Model - 2 
Rain10 8.746 

MFI_Month 8.746 

Model - 3 
Rain10 81.769 

Rain_Month 81.769 

Model - 4 
Days10 7.664 

MFI_Month 7.664 

Model - 5 
Days10 8.681 

Rain_Month 8.681 

Model - 6 
MFI_Month 7.579 

Rain_Month 7.579 

Model - 7 

Rain10 20.413 

Days10 8.211 

MFI_Month 9.370 

Model - 8 

Rain10 82.101 

Days10 8.716 

Rain_Month 92.991 

Model - 9 

Rain10 95.264 

MFI_Month 8.830 

Rain_Month 82.548 

Model - 10 

Days10 9.241 

MFI_Month 8.068 

Rain_Month 19.906 

Model - 11 

Rain10 95.364 

Days10 9.250 

MFI_Month 9.371 

Rain_Month 92.997 

 

Among all the models, Model 1, with predictors Rain10 and Days10, was found to be the 

most reliable. The model has low VIF values (3.519 for both predictors), which are below 

the threshold of 5, indicating minimal multicollinearity and stable coefficients. Its 

predictive performance (validation R² = 0.735, NSE = 0.730, RMSE = 532.12, P.E = 

2.86%) was only slightly lower than the best-performing model, Model 8. Although 

Model 8 showed better validation results (R² = 0.738, NSE = 0.734, RMSE = 528.57, P.E 

= 1.28%), it suffered from very high VIF values (>80), making its coefficients unreliable 

for interpretation. Therefore, Model 1 provides a good balance between prediction 
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accuracy and reliability of coefficients, making it the most dependable model for practical 

estimation of EI30month. 

Upon a detail assessment of performance, it is evident that the models exhibit suboptimal 

accuracy in predicting monthly EI30 values. Nevertheless, scrutiny of Percentage Error 

(P.E) values reveals consistently low errors in R factor calculations across all models. On 

a monthly scale, notable discrepancies between computed EI30month values and actual 

EI30month values for specific months are discernible; however, these variations tend to 

converge when examined over extended periods. Given that R factor computation relies 

on long-term data series, the present models remain viable for determining the long-term 

rainfall erosivity factor (R) through the utilization of daily rainfall data. Capolongo et al. 

(2008) tried to develop of a simplified rainfall erosivity model in Basilicata (Sothern 

Italy). They computed the daily erosivity but their model performed poorly at daily scale, 

nevertheless, the errors exhibited a reduction when aggregating the erosivity data to 

monthly and annual scales. 

The Rainfall erosivity factor using Model 1 (MJmm/ha.h.year) is equal to 

R =
1

n
(∑ (EI30month)i)

12
i=1                                                                                  (6.17) 

where, (EI30month)i = (10.995×Rain10 -137.601×Days10) of the ith month and n is the no. 

of years under consideration. 

As the Model 1 is found to be the best MLR based empirical equation among the eleven 

models for computing the R factor with readily available rainfall data. So, this equtaion 

will be compared with nine widely used empirical methods of R factor. 

The statistical significance and reliability of the coefficients of the best empirical equation 

Model 1 were evaluated using standard metrics, and the results are summarized in Table 

6.4. The coefficient for Rain10 (10.995) shows a small standard error (1.158), a high t 

value (9.499), and an extremely low p value (8.88× 10-16) with a 95% confidence interval 

of [8.700, 13.289], indicating a strong positive and statistically significant effect. In 

contrast, the coefficient of Days10 (-137.601) exhibits a moderate standard error 

(31.365), a t value of -4.387, and a p-value of 2.72× 10-5, with a 95% confidence interval 

of [-199.785, -75.417], demonstrating a significant negative influence. The low standard 

errors and narrow confidence intervals of both coefficients indicate that these estimates 

are precise, while the high t values and extremely low p values confirm their statistical 
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significance. Together, these metrics provide strong evidence that both the amount and 

frequency of rainfall play crucial but contrasting roles in controlling rainfall erosivity. 

Table 6.4 The statistical significance of the coefficients of Model 1 

 
Coefficient Std. Error t value p value CI_lower CI_upper 

Rain10 10.995 1.158 9.499 8.88× 10-16 8.700 13.289 

Days10 -137.601 31.365 -4.387 2.72× 10-5 -199.785 -75.417 

 

6.5.2.3 Comparison with the widely used methods 

Table 6.5 displays a comparison study between the newly developed empirical equation 

and 9 (Nine) widely used methods of calculating Rainfall Erosivity Factor (R) of the 

present time. The comparison is done based on the Percentage Error (P.E) in calculating 

the R factor. The actual value of the R factor of Guwahati is already calculated as 7623 

MJmm/ha.h.year. The R factor value for the newly developed model is taken from Table 

6.2, and for all the other methods, it is calculated by following the respective equation 

shown in Table 6.5 and using the daily data generated from the half-hourly data of 

Guwahati. 

Table 6.5 Comparison of newly developed model with some existing and widely used 

methods 

Sl. 

No. 

Model Reference 

 

 

 

Recently used 

by 

Computed R 

Factor 

(MJmm/ha.h.year) 

Percentage 

Error (%) 

1 R =
1

n
(∑ (EI30month)i

12
i=1 ) 

where, EI30month= 

10.995×Rain10 -

137.601×Days10 

Newly 

developed 

 7404.65 2.86 

2 R=9.8 × (81.5+0.38 × Pa) (Babu et al., 

2004)  

(Kalambukattu 

and Kumar, 

2017; Kayet et 

al., 2018; 

Tirkey et al., 

2013) 

6459.08 15.27 

3 R=9.8 × (79 + 0.363 × Pa) (Singh et 

al., 1981) 

(Bera, 2017; 

Dutta et al., 

2015; Farhan 

and 

Alnawaiseh, 

2018; Ghosh et 

6181.35 18.91 
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al., 2013; 

Khare et al., 

2017; Kumar et 

al., 2014; 

Kumar and 

Kushwaha, 

2013; Singh et 

al. 2023) 

4 R=0.5×Pa×1.73 (Roose, 

1975) 

(Devatha et al., 

2015; Joshi et 

al., 2016; Sinha 

and Joshi, 

2012) 

972.94 87.237 

5 R
= 1.735

× 10(1.5×log10 F⁡−0.8188)) 

(Arnoldous, 

1980) 

(Akhila and 

Pramada, 

2025; Ganasri 

and Ramesh, 

2016; Magesh 

and 

Chandrasekar, 

2016; Mondal 

et al., 2016; 

Prasannakumar 

et al., 2012; 

Samarinas et 

al., 2024; Shit 

et al., 2015) 

1314.79 82.752 

6 R = 0.0483 × Pa
1.610⁡⁡⁡⁡ if 

Pa < 850⁡mm 

R=587.8-

1.219×Pa+0.004105×(Pa)
2 

if Pa≥850mm 

(K. G. 

Renard and 

Freimund, 

1994) 

(Bhandari et 

al., 2015; 

Sheikh et al., 

2011) 

8218.94 7.820 

7 R=38.5+0.35×Pa (El-Swaify 

and Arsyad, 

1983) 

(Chatterjee et 

al., 2014; Pal, 

2016; Pal and 

Chakrabortty, 

2019; Pal and 

Shit, 2017) 

570.49 92.516 

8 R=972.75 + 9.95 ×Pa (Premlal, 

1986) 

(Fayas et al., 

2019) 

160.97 97.888 

9 R=-8.12+0.562×Pa (Hurni, 

1988) 

(Alemu et al., 

2025; Amsalu 

et al., 2014; 

Endalamaw et 

al., 2021; 

Endalew and 

Biru, 2022; 

Gelagay and 

Minale, 2016; 

Mustefa et al., 

846.11 88.900 
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2019; Yesuph 

and Dagnew, 

2019) 

10 R=
1

n
∑ ((0.689 ×12
i=1

Pi
1.474)/100) 

(Xu et al., 

2007) 

(Xu et al., 

2013) 

137.37 98.198 

R = Rainfall erosivity factor (MJmm/ha.h.year), P = Annual rainfall (mm), Pa = Mean annual rainfall (mm), 

Pi = Monthly rainfall of ith month, n = No. of years, F=(1/n)×MFI, MFI = Modified⁡Fornier⁡Index =

∑
Pi

P

2
12
i=1  

The percentage of error of the above models are computed with respect to the R factor value of Guwahati 

calculated by using the half hourly rainfall data i.e 7623 MJmm/ha.h.year 

 

An analysis of Table 6.5 reveals a consistent trend where nearly all existing methods 

exhibit a notable underestimation of the R factor value. The underestimation of the R 

factor directly affects the soil loss value as there is a directly proportional relationship 

between them as per RUSLE. Among the nine methods, the method by L. Xu et al., 2007 

shows the highest P.E and the method by Renard & Freimund, 1994 shows the lowest P.E 

value. The performance of the newly developed equation is found to be quite impressive 

when compared with these methods. Notably, the newly developed equation outperforms 

two widely employed Indian methods proposed by Babu et al., 2004 and Singh et al., 

1981. 

The rainfall pattern of North East India is different from the rest of India. The orographic 

arrangement of rainfall dominates the rainfall pattern in North East India. Many high-

intensity rainfall events occurred in this region, due to which models applicable for other 

parts of India may fail to produce satisfactory results in this region. As Rainfall erosivity 

factor is dependent on rainfall intensity, rainfall duration, etc., so it may be the reason that 

other models are underestimating the R factor when calculated by using the rainfall 

datasets of Guwahati. Moreover, due to unavailability of new methods, most of the 

methods taken for comparison in Table 6.5 are old but widely used for various recent 

studies all over the world (Chatterjee et al., 2014, Devatha et al., 2015, Ganasri & 

Ramesh, 2016, Joshi et al., 2016, Kayet et al., 2018, A. Kumar et al., 2014, Mondal et al., 

2016, Mustefa et al., 2019, S. C. Pal & Chakrabortty, 2019, Prasannakumar et al., 2012, 

Lifen Xu et al., 2013, Yusof & Ahmad, 2016). The datasets used in developing those 

models are also old. So, it can be commented that as various climatic parameters are 

changing over the time hence use of those models in the present time may give an 

erroneous result. However, in our study, new rainfall data have been employed for 
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development of the empirical equations. Consequently, utilizing these equations for 

current applications to compute the long-term Rainfall Erosivity Factor (R) may prove 

advantageous. With this development, the accuracy in soil loss calculation will be 

enhanced for this region. The accuracy in soil loss calculation is necessary as availability 

of observed data of soil loss, required for validation of the results, is very scarce. 

6.5.2.4 Historical R Factor of the study area 

The R factor for the Pamohi watershed was estimated using observed precipitation 

records for the historical period (1986–2014), obtained from IMD gridded datasets, and 

computed using Equation 6.17. The mean R factor of the watershed is 7208.64 

MJmm/ha.h.year for that period. The maximum and minimum values of R factor are 

7389.81 and 6912.84 MJmm/ha.h.year. The mean historical rainfall erosivity factor value 

is in close agreement with the value of 7623 MJmm/ha.h.year reported for Guwahati City. 

The findings highlight the reliability and efficiency of the empirical approach adopted in 

this research for assessing rainfall erosivity. The historical R factor is presented at Figure 

6.5. 

 

Figure 6.5 Historical Rainfall Erosivity Factor computed by newly developed Empirical 

equation 

6.5.2.5 Performance Analysis of GCMs using various statistical parameters 

Thirteen GCMs were assessed for the historical period (1986–2014) by comparing their 

simulated rainfall erosivity outputs with values derived from observed records. Model 
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performance was evaluated using statistical indicators, Mean Absolute Error (MAE), 

Root Mean Square Error (RMSE), and Nash–Sutcliffe Efficiency (NSE) and the results 

are presented in Table 6.6. The MAE ranged from 241.09 to 647.83 MJmm/ha·h·yr, 

RMSE varied between 313.46 and 765.34 MJmm/ha·h·yr, and NSE values ranged from 

−0.4 to 0.76. To identify the most reliable models, rankings were assigned for each 

metric, and models with the lowest combined rank scores were considered as the most 

accurate and consistent. Based on this analysis, the five highest-ranking models were 

MPI-ESM1-2_HR, BCC-CSM2-MR, NorESM2-MM, INM-CM5-0, and INM-CM4-8.  

An ensemble mean generated from these five models was then compared to each of the 

13 models and was found to outperform all of them, indicating superior overall 

accuracy. Consequently, this ensemble mean was adopted for projecting the future R 

factor of the Pamohi watershed. 

Table 6.6 Performance analysis of GCMs using various statistical parameters 

Name of GCM 

Mean 

Absolute 

Error 

(MAE) 

Root Mean 

Square Error 

(RMSE) 

Nash-Sutcliffe 

Efficiency 

(NSE) 

Remarks 

ACCESS_CM2 543.93 612.05 0.10 
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ACCESS_ESM1-5 364.07 442.08 0.53 

BCC-CSM2-MR 255.54 319.85 0.75 

CanESM5 309.25 389.47 0.64 

EC-Earth3 439.88 483.17 0.44 

EC-Earth3-Veg 542.81 653.52 -0.02 

INM-CM4-8 310.41 374.10 0.66 

INM-CM5-0 289.49 355.18 0.70 

MPI-ESM1-2-HR 241.09 313.46 0.76 

MPI-ESM1-2-LR 419.37 501.01 0.40 

MRI-ESM2-0 413.47 440.95 0.53 

NorESM2-LM 647.83 765.34 -0.40 

NorESM2-MM 242.48 323.89 0.75 

Ensemble of five best 

performing models 
215.92 310.17 0.77  
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6.5.2.6 Projected R Factor 

Bias-adjusted daily rainfall data for the projected periods were applied in Equation 10 to 

compute the rainfall erosivity factor for three future intervals, Near future (2015–2040), 

Mid future (2041–2070), and Far future(2071–2100) under the SSP245 and SSP585 

climate scenarios. The computation was carried out using an ensemble formed from the 

five top perming GCMs as per Table 6.6. 

In the near future period (2015–2040), the projected maximum rainfall erosivity values 

reached 7599 MJmm/ha.h.yr under SSP245 and 7690 MJmm/ha.h.yr under SSP585. The 

corresponding minimum values stood at 6824 MJmm/ha.h.yr and 7035 MJmm/ha.h.yr, 

respectively. As we move into the mid-century (2041–2070), both emission pathways 

show a further rise: maximum R values increased to 8048 MJmm/ha.h.yr under SSP245 

and 8404 MJmm/ha.h.yr under SSP585. Minimum values also climbed to 7442 

MJmm/ha.h.yr and 7737 MJmm/ha.h.yr, respectively. The far future (2071–2100) 

projections suggest a more substantial escalation, with SSP245 showing a maximum of 

8177 MJmm/ha.h.yr and SSP585 peaking at 10,235 MJmm/ha.h.yr. The lowest values 

during this period were 7552 MJmm/ha.h.yr for SSP245 and 9347 MJmm/ha.h.yr  for 

SSP585, confirming the intensifying trend under future climate scenarios. The spatial 

distribution of projected R factor are presented in Figure 6.6 and Graphical representation 

of Minimum, Maximum and Mean value R factor are shown in Figure 6.7. 
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Figure 6.6 The spatial distribution of projected R Factor over different future periods 

under two CMIP6 climate scenarios 
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Figure 6.7 Graphical representation of Minimum, Maximum and Mean value Rainfall 

Erosivity Factor for Historical Period and Projected Rainfall Erosivity Factor under 

various future scenarios 

 

6.5.2.7 Impact of Climate change on R Factor 

For the Pamohi watershed, variations in the rainfall erosivity factor were assessed for 

three time horizons, Near future (2015–2040), Mid future (2041–2070), and Far future 

(2071–2100) under the projected scenarios SSP245 and SSP585. These variations were 

determined by deducting the R factor derived from historical precipitation records from 

the corresponding R factor values estimated for each future period. 

The results demonstrate a consistent increasing trend in the R factor across emission 

pathways and future timeframes, reinforcing the widely anticipated escalation in erosive 

potential due to global warming. The empirical approach offers a simplified yet 

systematic estimation method that does not rely on high-resolution rainfall data, making 

it suitable for data-sparse regions and large-scale policy assessments. 
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Figure 6.8 The spatial distribution of changes in R Factor over different future periods 

under two CMIP6 climate scenarios relative to historical period. 

 

Our model projects a mean increase in the R factor of 192 MJ.mm/ha.h.yr under SSP 245 

and 307 MJ.mm/ha.h.yr under SSP 585 during near future period. This upward trend 

becomes more pronounced in the mid future period (2041–2070), where the mean 

changes escalate to 575 MJ.mm/ha.h.yr for SSP 245 and 910 MJ.mm/ha.h.yr for SSP 585. 

In the far future period (2071–2100), the projections indicate a substantial rise in mean 

values, with an increase of 686 MJ.mm/ha.h.yr under SSP245 and a much higher increase 
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of 2595 MJ.mm/ha.h.yr under SSP585. The spatial distribution of changes in R Factor 

over different future periods under climate change scenarios is presented in Figure 6.8. 

6.6 Effect of Climate Change on Rainfall Erosivity Factor through 

Rainfall Disaggregation 

6.6.1 Methodology 

6.6.1.1 Rainfall Disaggregation  

In NEOPRENE python Library, Neyman-Scott process is used to generate synthetic sub-

daily rainfall data. The rainfall generation can be sub-divided into two steps i) Calibration 

and ii) Simulation, which are also the sub-libraries of NEOPRENE. The calibration 

process plays a crucial role in identifying the optimal set of parameters that accurately 

replicate the statistical characteristics of the given input data series. This step generates 

the finely tuned parameters required for effective simulation. NEOPRENE achieves this 

by employing Particle Swarm Optimization (PSO) to refine model parameters, ensuring 

that the modelled statistics closely align with the observed data. The optimization is 

carried out by minimizing the weighted Euclidean distance between the statistical 

properties of the observed and simulated datasets (Gad, 2022). 

In the Calibration step several hyperparameters are set and the observed daily data are 

import to the calibrator. In the simulation step, a simulated time series of rainfall is 

generated with the help of the set of parameters received from the calibration step and the 

suitable hyperparameters. During the simulation process, users must specify the temporal 

extent of the generated rainfall series. The hyperparameters are not a part of Neyman 

Scott Process, however these parameters are needed to configure the calibration and 

simulation process. The knowledge about various information related to the rainfall of 

the area is required to set these hyperparameters. The hyperparameters for calibration step 

are seasonality type, seasonality user, temporal resolution, process, statistics, weights, 

number of iterations, cell intensity, number of bees, time between storms, number of 

storm cells, storm cell displacement, cell duration and number of initializations. The 

hyperparameters for simulation step are seasonality type, seasonality user, statistics, 

temporal resolution, process, initial year and final year.  

There is also a third sub-library called “Analysis”, which consist of several functionalities 

like comparison of simulated series with the observed series, daily to hourly rainfall 

disaggregation etc. The “disaggregate_rainfall” function of Analysis sub-library performs 
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the disaggregation process. The function looks for a similar day in the synthetic time 

series, for each day to be disaggregated. To enhance the accuracy of the disaggregation 

process, data from the preceding day is also considered in the selection criteria. The 

approach involves identifying a sequence of days that exhibit the smallest Euclidean 

distance between the observed and synthetically generated data series. These selected 

days are then utilized as reference points to refine and improve the disaggregation 

procedure. Further details of the Neyman Scott Process and NEOPRENE python library 

can be found in (Diez-Sierra et al., 2023). 

6.6.1.2 Rainfall Erosivity Factor 

In the second approach the temporal resolution of the disaggregated rainfall is hourly, 

thus the term I30 has to be replaced by I60 in the Equation 6.8. Now, I60 is the maximum 

60 minute intensity (mm/hr) of erosive rainfall event. Raj et al. (2022) also used I60 in 

place of I30 to compute the rainfall erosivity map of India using IMDAA hourly rainfall 

data. To derive the equivalent rainfall erosivity, the erosivity estimates initially obtained 

from 60-minute rainfall data were adjusted by applying a conversion factor of 1.79 (Das 

and Jain, 2023). 

6.6.1.3 Performance Evaluation of GCM 

The rainfall erosivity factor for the historical period (1986 to 2014) was estimated by the 

bias corrected CMIP6 model data of all the 13 GCMs given in Table 6.7. The rainfall 

erosivity factor estimated from all 13 GCMs was evaluated against the values obtained 

from the observed gridded rainfall datasets provided by the India Meteorological 

Department (IMD). This comparison was conducted for the historical period extending 

from 1986 to 2014 to assess the accuracy and reliability of the model projections. The 

following widely used statistical metrics are selected for evaluating the performance of 

GCM, Nash-Sutcliffe efficiency (NSE), Root mean square error (RMSE), Mean absolute 

error (MAE) and Percent bias (PBIAS) (Equation 6.2, 6.3, 6.5 and 6.6). These parameters 

will be employed to identify the five best-performing GCMs, as already discussed that 

utilizing an ensemble of well-performing models is known to reduce uncertainties in 

future projections.  

To identify the top five best-performing GCMs, a robust multi-metric evaluation 

framework was employed. Four key statistical performance metrics as mentioned above 

were computed by comparing rainfall erosivity values derived from the historical 

simulations of 13 GCMs with those calculated using observed data. Each model was 
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ranked individually for every metric, and a cumulative score was obtained by summing 

these ranks. GCMs with the lowest total scores were shortlisted. An additional constraint 

was imposed to enhance the reliability of the selection, that only models with an NSE 

value greater than 0.5 were considered eligible. This rigorous, criteria-driven process led 

to the selection of five GCMs that most effectively captured the historical rainfall 

erosivity patterns of the Pamohi watershed and these were subsequently applied for future 

projections. The methodological flowchart of the study is given in Figure 6.9. 

 

Figure 6.9 Methodological Flow chart of modelling effect of climate change on Rainfall 

Erosivity Factor 

 

6.6.2 Results and Discussions 

6.6.2.1 Performance Evaluation of GCMs 

The performance of thirteen GCMs was evaluated over the historical period by comparing 

simulated rainfall erosivity values with those derived from observed data. Four statistical 

metrics PBIAS, MAE, RMSE and NSE were used to assess the accuracy of each model. 

Table 6.7 presents the performance of each GCM along with the calculated values of 

these metrics. The analysis revealed significant variability in model performance. PBIAS 

values ranged from –17.07% (MPI-ESM1-2-LR) to +3.76% (EC-Earth3-Veg), indicating 
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the degree of underestimation or overestimation in the simulated values. The MAE and 

RMSE varies from 554 MJ.mm/ha.h.yr (MRI-ESM2-0) to 1489 MJ.mm/ha.h.yr 

(NorESM2-LM) and 662 MJ.mm/ha.h.yr (MRI-ESM2-0) to 1547 MJ.mm/ha.h.yr 

(NorESM2-LM) respectively, indicating varying degrees of alignment between simulated 

and observed rainfall erosivity values. NSE values varied widely from –4.10 to 0.82. Only 

five models MRI-ESM2-0, MPI-ESM1-2-HR, INM-CM5-0, ACCESS_ESM1-5, and 

CanESM5 exceeded the NSE threshold of 0.5, marking them as statistically acceptable 

for reliable projections. To determine the top performing models, the multi-metric 

evaluation framework was applied. Each model was ranked across all four metrics, and 

models with the lowest total scores were considered the most consistent and accurate. 

Applying the additional criterion of NSE > 0.5, five GCMs were shortlisted. These 

models not only demonstrated high agreement with historical erosivity values but also 

satisfied all performance thresholds, justifying their inclusion in the ensemble. 

Table 6.7 Performance analysis of GCMs using various statistical parameters (Rainfall 

Disaggregation) 

Name of GCM 
Percent 

Bias (%) 

Mean 

Absolute 

Error 

(MAE) 

Root Mean 

Square Error 

(RMSE) 

Nash-Sutcliffe 

Efficiency 

(NSE) 

Remarks 

ACCESS_CM2 -16.06 1152 1285 -0.36 
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ACCESS_ESM1-5 1.42 655 733 0.56 

BCC-CSM2-MR 0.93 615 810 -0.16 

CanESM5 2.84 785 885 0.54 

EC-Earth3-Veg 3.76 736 829 0.30 

EC-Earth3 0.83 946 1054 0.47 

INM-CM4-8 -13.83 992 1282 -0.81 

INM-CM5-0 -3.98 951 1151 0.60 

MPI-ESM1-2-HR -9.26 664 790 0.63 

MPI-ESM1-2-LR -17.07 1225 1529 -4.10 

MRI-ESM2-0 2.40 554 662 0.82 

NorESM2-LM -2.63 1489 1547 0.34 

NorESM2-MM -15.66 1124 1166 0.04 

Ensemble of five best 

performing models -1.31 334 401 0.90 
 

 

To reduce uncertainty and improve projection reliability, an ensemble was created by 

averaging outputs from the five selected GCMs. The statistical performance of this 

ensemble significantly outperformed individual models across all metrics. The ensemble 
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achieved a PBIAS of -1.31%, MAE of 334, RMSE of 401, and an NSE of 0.90 indicating 

near-optimal alignment with observed erosivity data. This improvement confirms the 

findings of Eekhout and de Vente (2022), who emphasized the advantage of using multi-

model ensembles in soil erosion assessments under climate change. The ensemble 

approach effectively balances variability across models, resulting in a more stable and 

robust projection framework by reducing model-specific biases and errors. 

6.6.2.2 Historical R Factor 

The R factor was calculated by 29 years observed historical precipitation product (1986 

to 2015). The R factor was also calculated by average historical precipitation data of 

ensemble of the five top performing GCMs for the same time period. The spatial 

distribution of historical rainfall erosivity determined from both datasets is illustrated in 

Figure 6.10. The mean of rainfall erosivity factor are 7130 and 7106 MJ.mm/ha.h.yr  

calculated by observed historical precipitation and average historical precipitation data of 

ensemble of GCM respectively. The maximum values of R factor are 7674 and 7632 

MJ.mm/ha.h.yr and minimum values of R factor are 6675 and 6797 MJ.mm/ha.h.yr 

calculated by observed historical precipitation and average historical precipitation data of 

ensemble of GCM respectively. The difference in mean of the R factor by the two 

historical precipitation dataset is only 14 MJ.mm/ha.h.yr, which implies a great matching. 

The historical rainfall erosivity value calculated in this study closely aligns with the value 

of 7623 MJ.mm/ha.h.yr reported by Das and Sarma (2021) for Guwahati City, which was 

derived using 19 years of observed half-hourly rainfall data. This agreement underscores 

the reliability and effectiveness of the disaggregation method employed in this study for 

estimating rainfall erosivity, adhering to the standard methodology outlined in the 

RUSLE handbook. 
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Figure 6.10 Rainfall Erosivity Factor for the historical period (1986 to 2014) using (a) 

observed historical precipitation product and (b) average historical precipitation data of 

ensemble of the five top performing GCMs 

 

6.6.2.3 Future Rainfall Erosivity 

The bias corrected daily precipitation of the future periods has been disaggregated to 

hourly interval and estimated the rainfall erosivity factor for the three future periods viz. 

Near Future (2015 to 2040), Mid Future (2041 to 2070) and Far Future (2071 to 2100) 

under SSP 245 and SSP 585 by the standard method as per RUSLE hand book. The 

rainfall erosivity factor has been estimated for ensemble of five top performing GCMs. 

The spatial distribution of rainfall erosivity factor of Pamohi watershed for three future 

periods under two CMIP6 projected pathways is shown in Figure 6.11. 
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Figure 6.11 Rainfall Erosivity Factor for (a) Near future under SSP245, (b) Near future 

under SSP585, (c) Mid future under SSP245, (d) Mid future under SSP585, (e) Far future 

under SSP245 and (f) Far future under SSP585 projected pathway 

 

For the near future period, the maximum rainfall erosivity values were observed as 7994 

MJ.mm/ha.h.yr under SSP 245 and 8203 MJ.mm/ha.h.yr under SSP 585. 

Correspondingly, the minimum values recorded were 7172 MJ.mm/ha.h.yr for SSP 245 

and 7211 MJ.mm/ha.h.yr for SSP 585. During the mid future period, the maximum 

rainfall erosivity values increased to 8890 MJ.mm/ha.h.yr and 9161 MJ.mm/ha.h.yr under 
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SSP 245 and SSP 585, respectively. The minimum values similarly rose to 7821 

MJ.mm/ha.h.yr and 8145 MJ.mm/ha.h.yr under the respective pathways. In the far future 

period, a pronounced escalation in rainfall erosivity was evident. The maximum values 

reached 9683 MJ.mm/ha.h.yr under SSP 245 and 13869 MJ.mm/ha.h.yr under SSP 585. 

Likewise, the minimum values attained were 8161 MJ.mm/ha.h.yr and 12400 

MJ.mm/ha.h.yr under SSP 245 and SSP 585, respectively. Figure 6.12 represents the 

overall summary of both historical and future rainfall erosivity factors. 

 

Figure 6.12 Minimum, Maximum and Mean value of Rainfall erosivity factor 

(MJ.mm/ha.hr.yr) for historical and future periods under two projected pathways 

 

6.6.2.4 Climate change effect on Rainfall Erosivity Factor 

The spatial distribution of change in rainfall erosivity factor of Pamohi watershed Near 

Future (2015 to 2040), Mid Future (2041 to 2070) and Far Future (2071 to 2100) periods 

under SSP 245 and SSP 585 projected pathways is shown in Figure 6.13. The change in 

rainfall erosivity factor is calculated by subtracting the R Factor estimated by observed 

historical precipitation from the R factor of future periods. 

In the near future period, the mean changes in the R Factor are projected to be 344 

MJ.mm/ha.h.yr under SSP 245 and 579 MJ.mm/ha.h.yr under SSP 585. For the mid future 
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period, these values are expected to increase significantly, reaching 1267 MJ.mm/ha.h.yr 

under SSP 245 and 1472 MJ.mm/ha.h.yr under SSP 585. The far future period shows the 

most pronounced changes, with mean R Factor increases of 1941 MJ.mm/ha.h.yr under 

SSP 245 and a striking 5994 MJ.mm/ha.h.yr under SSP 585. These results indicate a 

progressive intensification in the mean R Factor over time, with substantially higher 

increases under SSP 585, particularly in the far future, underscoring the potential impact 

of high-emission scenarios on rainfall erosivity. 

 

Figure 6.13 Change in Rainfall Erosivity Factor over Pamohi watershed in (a) Near future 

under SSP245, (b) Near future under SSP585, (c) Mid future under SSP245, (d) Mid 

future under SSP585, (e) Far future under SSP245 and (f) Far future under SSP585 

projected path 
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In their study, Das and Jain (2023) reported minimal changes in the R Factor for our study 

area during 2015-2040, with values appearing to be below their lowest range of 500 

MJ.mm/ha.h.yr. During 2041-2070, they identified R Factor changes in the range of 

1000–2500 MJ.mm/ha.h.yr for this area. The values were identified through visual 

analysis of maps. However, their study did not extend for 2071–2100. Our findings 

corroborate these observations for 2015-2040 and 2041-2070. Specifically, during 2015-

2040, the change in R Factor in our study was consistently below 500 MJ.mm/ha.h.yr 

across all points. Similarly, during 2041-2070, the changes in R Factor predominantly fell 

within the range of 500–2500 MJ.mm/ha.h.yr, aligning with the estimates by Das and Jain 

(2023). For 2071–2100, our analysis revealed a significant escalation in R Factor changes, 

ranging approximately from 500 to 7500 MJ.mm/ha.h.yr. 

6.7 Comparison of the two methods with each other and with findings 

from other studies 

In this study two approaches have been used to estimate rainfall erosivity factor under 

changing climate scenarios. Both approaches consistently showed an increasing trend in 

the rainfall erosivity factor, particularly under high-emission scenarios, though they 

differed in magnitude and sensitivity. 

The disaggregation method, which generates high-resolution rainfall data from daily 

rainfall data, was found to be more responsive to extreme rainfall events. Under SSP 585 

in the far future (2071–2100), it projected a mean R factor increase of 5994 

MJ.mm/ha.h.yr (84.07%), compared to 2595 MJ.mm/ha.h.yr (33.77%) from the empirical 

equation. Even in the near future (2015–2040), differences were evident, the 

disaggregation approach projected increases of 4.81% (SSP245) and 8.20% (SSP585), 

while the empirical model estimated only 0.50% and 2.46%, respectively. The Figure 

6.14 and Figure 6.15 are presenting line diagram of percentage change of R factor by both 

the methods. 
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Figure 6.14 Line chart showing the change in Rainfall Erosivity Factor estimated for three 

future periods, Near Future (2015 to 2040), Mid Future (2041 to 2070) and Far Future 

(2071 to 2100) under SSP 245 and SSP 585 projected pathways through empirical 

equation 

 

Figure 6.15 Line chart showing the change in Rainfall Erosivity Factor estimated for three 

future periods, Near Future (2015 to 2040), Mid Future (2041 to 2070) and Far Future 

(2071 to 2100) under SSP 245 and SSP 585 projected pathways through rainfall 

disaggregation 

 

Comparisons with previous studies provide important context for interpreting these 

results. At the national scale, Das and Jain (2023) reported mid future increases of 22% 

(SSP245) and 31% (SSP585), which align closely with the mid-future disaggregation 

projections for the Pamohi watershed (17.77% and 20.64%). The empirical model is 

directionally consistent but remained more conservative (6.19% and 10.56%). At the 
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regional scale, Islam and Chakma (2024) observed sharp increases in the Jhelum 

catchment (14.87% under SSP245, 94.24% under SSP585 by 2090). These values show 

the same rising pattern as the disaggregation method and emphasize the increased 

sensitivity of Himalayan basins to climate change, however, they exceed the empirical 

projections considerably. Importantly, these findings are not contradictory but rather 

illustrate the regional amplification of rainfall extremes compared to national or global 

averages. Similarly, Mondal et al. (2016) reported increasing rainfall erosivity trends in 

the Narmada basin, supporting that both the direction and scale of change observed in the 

present study are consistent with other Indian catchments. At the global scale, Panagos et 

al. (2022) projected increases of 27–34.3% by 2070 under various RCP scenarios. The 

disaggregation method results for the mid future (17.77%–20.64%) fall within this global 

range and the empirical model remains at the lower end. 

Overall, the evidence suggests that the empirical model is computationally efficient, easy 

to use and suitable for large-scale or data-limited applications, but it tends to smooth the 

data and does not capture localized peaks in erosivity. This makes it particularly valuable 

for early-stage impact assessment and decision-making processes where data or 

computational resources are limited. On the other hand, the rainfall disaggregation 

approach demonstrates a superior ability to capture extremes, making it highly suitable 

for detailed erosion risk assessments and identifying erosion hotspots in climate-sensitive 

regions. 

6.8 Conclusion 

This study provides a comprehensive evaluation of how climate change influences 

rainfall erosivity in the Pamohi watershed, the primary watershed of “Deepor Beel”, the 

only major storage waterbody for the Guwahati city’s drainage. A key contribution of this 

research is the development of a Multiple Linear Regression (MLR) model based 

empirical equation that estimates the Rainfall Erosivity Factor using readily available 

daily rainfall data. The newly developed equation outperformed existing empirical 

approaches and was subsequently used to project future rainfall erosivity under different 

climate scenarios. Climate projections were carried out for three future time periods near 

future (2015-2040), mid future (2041-2070) and far future (2071-2100) under two 

projected pathways SSP245 and SSP585 under CMIP6 socioeconomic pathway. Both the 

empirical equation and disaggregation-based approach indicate a clear upward trend in 

rainfall erosivity factors across all scenarios. The disaggregation method captured more 

TH-3969_176104104



122 

 

pronounced increases, while the empirical model provided a conservative estimate of the 

general trend. Historical validation showed strong agreement with observed rainfall data. 

The outcomes of this study hold significant practical implications. They can be applied 

directly to estimate soil loss under changing climate conditions and provide critical 

guidance for designing soil conservation measures. Additionally, the results will inform 

flood mitigation planning for Guwahati City and support broader watershed management 

and climate adaptation strategies. 
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Chapter 7                                                                       

Conclusion and Recommendation for Future work 

7.1 A brief summary of the work performed 

The present research comprehensively investigates the spatial and temporal variability of 

the Rainfall Erosivity Factor (R factor) across India using satellite-based rainfall datasets. 

The study first developed a high-resolution (0.1⁰) rainfall erosivity map of India using 

half-hourly IMERG data (2001–2020). The analysis quantified spatial heterogeneity, 

seasonal variability, and long-term trends in erosivity. It uncovers significant regional 

differences primarily controlled by rainfall patterns and terrain condition. The research 

also incorporated the concept of return period analysis to assess erosivity corresponding 

to various return periods. This novel approach provides a more realistic representation of 

soil loss potential under high erosive events, which enabling improved design criteria for 

soil conservation and watershed management structures. Further, the study carried out a 

calibration of the IMERG precipitation dataset using the IMD daily gridded rainfall data. 

It used a modified version of Daily Spatio-Temporal Disaggregation Calibration 

Algorithm (DSTDCA). The calibrated product is named as IMDMERG and it was used 

to regenerate the R factor map of the study area. The new map revealed additional zones 

of high rainfall erosivity in the study area. Finally, the study assessed the impact of future 

climate change on rainfall erosivity using CMIP6 projections under two Shared 

Socioeconomic Pathways viz. SSP245 and SSP585. The future rainfall erosivity was 

estimated using two approaches: (i) through a Multiple Linear Regression (MLR) model 

developed using daily rainfall data and (ii) by disaggregating daily rainfall into sub-daily 

intervals to compute the R factor following the standard procedure outlined in the RUSLE 

handbook. The results from both the methods showed a consistently increasing trend in 

the projected R factor for the Pamohi watershed under both scenarios. 

7.1.1 Preparation of Rainfall Erosivity Map and its analysis of spatiotemporal 

variation 

This chapter systematically presented the methodology, results, and in-depth analysis of 

the rainfall erosivity factor (R factor) across mainland India (excluding Ladakh). The 

study used 20 years (2001–2020) high temporal resolution satellite rainfall data from 

IMERG. This study successfully generated a high spatial resolution R factor map by 

implementing the methodology outlined in the RUSLE handbook and using IMERG half-
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hourly rainfall data. The map supports a detailed spatiotemporal understanding of rainfall 

erosivity across the study area. 

The spatial distribution of the average annual R factor reveals significant variability 

caused by regional climatic conditions and orographic effects. The overall spatial average 

of the R factor across India is 2188.79 MJ.mm/ha.h.year, with values ranging from a 

minimum of 68.28 MJ.mm/ha.h.year in the cold and arid Lahul and Spiti region of 

Himachal Pradesh to a maximum of 18,864.2 MJ.mm/ha.h.year in Lakhimpur district of 

Assam. The major erosivity hotspots are located predominantly in North East India and 

the Western Ghats. The steep terrains of these regions and frequent intense rainfall events 

amplify rainfall erosivity via orographic lifting mechanisms. 

The comparative analysis between the IMERG-based R factor and previously developed 

ground-based R factor maps offered crucial validation and insight into the robustness of 

satellite data. Specifically, comparison with the Panagos et al. (2017) global ground-based 

R factor map revealed that the IMERG-based mean R factor was approximately 58% of 

the ground-based mean during the common period (2007–2015). Spatial discrepancies 

were particularly present in regions like Meghalaya and the Western Ghats, where 

IMERG tended to capture high erosivity zones that the ground-based map missed. This 

may be due to limitations in rain gauge density and interpolation errors. 

The study further validated the IMERG-based R factor through comparison with the 

historical Isoerodent map of India by Babu et al. (1978). Despite the temporal gap and 

limited gauge network used in the earlier map, the spatial patterns were found to broadly 

agree. However, the variations in magnitude can be attributed to the use of recent high-

resolution satellite datasets, which effectively capture recent shifts in rainfall patterns and 

technological improvements in data quality. A detailed station-level comparison of 

IMERG based R factor was performed with the data of one IMD rain gauge station near 

Guwahati. The IMERG derived average R factor was about 10% higher than the station-

based value. Although an anomalous year (2007) was observed, where the ground station 

indicated a sharp decrease while IMERG data showed an increase, however the overall 

temporal trend remained well aligned. 

A non-dimensional R factor map was developed by normalizing the computed R factor 

values relative to the spatial mean to provide a generalized perspective. The results 

revealed that most of the area (63.48%) exhibiting values below the mean. This non-
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dimensional map serves as a powerful analytical tool to assess relative vulnerability 

across different regions independent of absolute magnitudes. The monthly analysis of the 

R factor highlighted distinct spatiotemporal patterns that closely follow the Indian 

monsoon dynamics. Erosivity was minimal during January and February, slowly 

increases during the Pre-Monsoon months (March–May). The Southwest Monsoon 

period (June–September) emerged as the most erosive phase, contributing the bulk of the 

annual erosivity. July exhibited the highest monthly mean erosivity (655.17 

MJ.mm/ha.h.month) and maximum values exceeding 5792.10 MJ.mm/ha.h.month. 

Conversely, October to December (Post-Monsoon) demonstrated a spatial shift in 

erosivity hotspots towards coastal regions due to the Northeast Monsoon, especially 

affecting Tamil Nadu, Andhra Pradesh, and Kerala. These monthly insights emphasize 

the critical need to capture intra-annual variability for policy planning and soil 

conservation efforts. Seasonal analysis supported these findings and showed that the 

Southwest Monsoon was the dominant erosivity season contributing the largest spatial 

extent and magnitude of the R factor across India. Winter exhibited negligible erosivity 

with only sparse contributions from localized precipitation. Pre-monsoon and post-

monsoon seasons had moderate spatial coverage of erosivity, largely concentrated in 

North East India and specific coastal regions. 

Over the long term from 2001 to 2020 the spatial pattern of the R factor remained broadly 

stable but showed significant interannual variability. The R factor reached its highest peak 

in 2007 due to an exceptionally active monsoon phase while other years showed no clear 

long-term increasing or decreasing trend. A slight overall decreasing trend in the average 

annual R factor was observed. The application of the Modified Mann-Kendall test for 

trend analysis revealed that only 13.86% of the study area showed statistically significant 

trends, among which 12.04% significant decrease and 1.82% significant increase. 

Significant increasing trends were mainly observed in Rajasthan and parts of Northeast 

India. However, the Rajasthan region generally showed low absolute R factor values 

which indicates that the direction of the trend does not necessarily reflect the magnitude 

of its impact. The majority of the area (87%) showed no significant trend, confirming 

inter-annual fluctuations of rainfall erosivity in India. The study enhances the 

understanding of spatiotemporal variability of erosivity and offers vital insights for 

policymakers, researchers, and land managers focused on sustainable soil and water 

resource management. 
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7.1.2 Incorporating return period in the assessment of rainfall erosivity factor over 

India 

The current research offers valuable findings regarding the analysis of the R factor in 

India corresponding to various return periods. The methodology of this study combines 

the standard procedure of frequency analysis with the R factor calculation method from 

the RUSLE handbook to estimate and map the rainfall erosivity factor. The R factor was 

computed using 20 years IMERG 0.1 degree spatial resolution satellite rainfall data 

having a 30 minute temporal resolution, spanning from 2001 to 2020. The mean annual 

R factor values for India corresponding to 2, 5, 10, 25, 50 and 100 year return periods 

were 1918.94, 2963.84, 3795.55, 4916.79, 5487.89 and 5806.90 MJ.mm/ha.h, 

respectively. The maximum values of the annual R factor for India were 18,556.12, 

25,598.15, 35,815.77, 46,113.28, 49,545.78 and 51,262.03 MJ.mm/ha.h for the 

corresponding return periods. 

Moreover, the analysis revealed that the mean annual R factor fell within the return level 

range of the 2 and 5 year return periods in 94.96% of cases. The spatial average R factor 

value of the study area also aligned with this range. The majority of the cases having the 

maximum annual R factor correspond to a return period range of 25 to 50 years. The 

country average of the maximum annual R factor value was found to be closer to the 50 

year return period. Furthermore, it was observed that areas with the same average R factor 

value could exhibit significant differences in their return levels values corresponding to 

various return period. Consequently, relying solely on the average annual R factor would 

underestimate the soil loss potential of an area. 

This study will contribute to enhance knowledge in the field of soil loss assessment and 

can be instrumental in the design and application of effective soil conservation measures 

and control structures. Stakeholders and policymakers will benefit from the flexibility to 

select specific return periods for designing soil conservation structures based on their 

specific requirements. 

7.1.3 Calibration of IMERG dataset using IMD daily gridded dataset for 

computing Rainfall Erosivity Factor 

The calibration of the IMERG dataset using the IMD daily gridded precipitation dataset 

marks a significant advancement in improving satellite precipitation products for 

hydrological research. The chapter clearly showed that satellite precipitation estimates 
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provide detailed information across time and space. However, they need careful 

adjustment using ground-based observations to reduce biases and uncertainties. The study 

used a modified version of the Daily SpatioTemporal Disaggregation Calibration 

Algorithm (DSTDCA). The method combined the temporal richness of IMERG with the 

spatial reliability of IMD daily rainfall to create a refined high-resolution precipitation 

dataset named IMDMERG. 

The results of this calibration indicate substantial improvements in the agreement 

between satellite-derived and gauge-based precipitation data. The IMERG Final satellite 

gauge product reported an overestimation of approximately 7% in mean annual rainfall 

compared to IMD observations. The IMDMERG dataset successfully aligned with the 

daily rainfall totals with IMD and provided greater consistency across the study area. This 

calibrationt preserved the sub-daily rainfall distribution patterns detected by IMERG 

while maintaining the ground-truth daily totals recorded by IMD. 

The spatial evaluation of mean annual rainfall revealed that the IMDMERG dataset 

closely reproduced the spatial patterns of IMD rainfall. In contrast, the IMERG Final 

product displayed spatial anomalies in North East India and western ghat areas. It often 

underestimates or overestimates rainfall due to limitations in satellite retrieval algorithms 

under complex terrain and high rainfall intensity conditions. The difference map between 

IMDMERG and IMERG further highlighted that the most significant improvements 

occurred in these climatologically sensitive zones. The scatter plot analysis also 

underscored moderate agreement between the IMERG Final product and IMD datasets 

(R² = 0.612). 

Beyond the calibration process, the chapter demonstrated the practical implications of the 

IMDMERG dataset in computing the Rainfall Erosivity Factor (R). Using the 20-year 

IMDMERG dataset (2001–2020), the study produced a detailed R factor map at 0.25° 

spatial resolution and 30-minute temporal resolution. The calibrated data yielded a mean 

R value of 3063 MJ.mm/ha.h.year, approximately 40% higher than the mean R factor 

computed using the IMERG Final product. The R factor maps derived from IMDMERG 

identified new erosivity hotspots particularly in the Western Ghats, Northeast India, and 

parts of the Eastern Ghats, regions where rainfall intensity and erosive potential are 

known to be high. 
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7.1.4 Climate change impact on Rainfall Erosivity Factor under CMIP6 shared 

socio-economic pathways 

This study presents a comprehensive evaluation of how climate change influences rainfall 

erosivity of the Pamohi watershed, located in Guwahati, the largest city in the Eastern 

Himalayan region. The Global Climate Model (GCM) data used in climate projections 

are typically available at a daily temporal scale, while rainfall erosivity computation by 

standard method requires sub-daily rainfall data. To address this challenge, two 

approaches were explored in this study. The first approach is to develop a Multiple Linear 

Regression (MLR) model that enables the assessment of the R Factor directly from daily 

rainfall data and the second approach involves disaggregating daily rainfall into sub-daily 

intervals, enabling the direct application of the standard method for R Factor estimation.  

The newly developed MLR model significantly outperformed existing widely used 

empirical models, resulting a very low percentage error of 2.86 %. This model was 

subsequently employed to project future rainfall erosivity under climate change scenarios 

for the Pamohi watershed. Climate projections were carried out for three future time 

slices, 2015–2040 (near future), 2041–2070 (mid future), and 2071–2100 (far future) 

considering two CMIP6 Shared Socioeconomic Pathways: SSP245 and SSP585. For the 

historical period, the R-factor ranged from 6912.84 to 7389.81 MJ.mm/ha.h.year, with a 

mean of 7208.64 MJmm/ha.h.year. Under SSP245, the R-factor is projected to increase 

to 7244.82, 7654.95, and 7764.31 MJmm/ha.h.year for the near, mid, and far future, 

respectively. Under the more extreme SSP585 pathway, projections show a sharper rise 

to 7385.82, 7969.81, and 9642.73 MJ.mm/ha.h.year for the same time periods. These 

results indicate a clear upward trend in rainfall erosivity across both scenarios. The 

projected percentage increases in the R-factor under SSP2-4.5 are 0.5%, 6.19%, and 

7.71%, while under SSP585, the respective increases are 2.46%, 10.56%, and a 

substantial 33.77%. Notably, the only deviation from this trend is observed under the 

SSP245 scenario during the far future, where a slight decrease is projected. 

The disaggregation of rainfall approach was also applied for the same future periods under 

identical climate change scenarios. The historical R factor estimated by disaggregated 

rainfall was found to be similar to the R factor computed by observed half hourly dataset. 

The R Factor for the historical period ranges from 6675 to 7674 MJ.mm/ha.h.yr with a 

mean of 7130 MJ.mm/ha.h.yr. In the near future period, the R Factor is projected to be 

7473 MJ.mm/ha.h.yr under SSP 245 and 7708 MJ.mm/ha.h.yr under SSP 585. For the 
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mid future, these values are expected to rise to 8397 MJ.mm/ha.h.yr and 8602 

MJ.mm/ha.h.yr under SSP 245 and SSP 585, respectively. In the far future, the R Factor 

is projected to reach 9071 MJ.mm/ha.h.yr under SSP 245 and 13124 MJ.mm/ha.h.yr 

under SSP 585, indicating a more pronounced increase under the high-emission scenario.  

The estimated future R factor of the watershed shows an increasing trend for both the 

projected pathways. The projected percentage changes in the R factor under SSP 245 are 

4.81%, 17.77%, and 27.22% for the near, mid, and far future periods, respectively. 

Similarly, under SSP 585 the resulted percentage changes are 8.20%, 20.64% and a 

substantial 84.07% across the same future periods. 

The findings of this study were compared with analyses conducted at global, national, 

and regional scales and a strong consistency was observed with the results obtained from 

the rainfall disaggregation approach. The increasing trend in rainfall erosivity was also 

found in the MLR-based empirical model. The analysis shows that the empirical model 

is useful because it is simple and suitable for large-scale applications. However, it tends 

to smooth out local variations which leads to an underestimation of sharp erosivity peaks. 

It can be useful for initial decision-making contexts where extensive data or 

computational resources are not available. In contrast the rainfall disaggregation 

technique shows a strong ability to capture rainfall extremes. This makes it a more 

effective tool for detailed erosion risk assessments and identifying erosion-prone areas in 

climate-sensitive landscapes. The projections resulted here offer valuable insights for 

urban planners, environmental managers and policymakers working to alleviate the 

detrimental effects of climate change on soil and water management. 

7.2 Key contribution of the thesis 

1. A high-resolution, national-scale Rainfall Erosivity (R) factor map has been 

developed for mainland India (excluding the Ladakh region). A comprehensive 

spatio-temporal analysis of rainfall erosivity was conducted, revealing 

pronounced spatial and temporal heterogeneity across the country. In addition, a 

trend analysis and sensitivity analyses of the R factor were also performed. 

2.  The concept of return period was incorporated into the Rainfall Erosivity 

assessment, leading to the development of R factor maps corresponding to 

multiple return periods using high-resolution satellite-based precipitation data. A 

spatially distributed map representing the best-fitted probability distribution for 
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estimating the return level values of the annual R factor corresponding to different 

return periods was also developed. 

3. The IMERG (Late) half-hourly satellite precipitation dataset was calibrated 

against IMD daily gridded rainfall data to produce a new rainfall dataset named 

IMDMERG. This newly developed dataset successfully retains the sub-daily 

rainfall distribution patterns captured by IMERG while preserving the ground-

truth daily totals provided by IMD. 

4. A Multiple Linear Regression (MLR) model was formulated to estimate the 

Rainfall Erosivity Factor for Guwahati and its surrounding areas using daily 

rainfall data. 

5. The rainfall disaggregation approach was explored for assessing the rainfall 

erosivity of the Pamohi watershed located in Guwahati by employing the standard 

method for computing R factor. 

6. Climate change impact assessment on rainfall erosivity was conducted for the 

Pamohi watershed using both the newly developed MLR model and the rainfall 

disaggregation approach. 

7.3 Recommendation for future work 

The scope of future research is discussed as follows: 

1. In this study, the Rainfall Erosivity Factor for India was estimated using a high 

temporal and spatial resolution satellite-based precipitation product. Currently, 

the availability of rain gauge stations providing rainfall data at such fine temporal 

and spatial scales remains limited, posing constraints on purely observation-based 

erosivity assessments. In the future, this analysis may be revisited using observed 

rainfall data once a sufficiently dense network of high-resolution rain gauge 

stations becomes available across the country. Such advancements would help 

minimize uncertainties associated with satellite datasets and enhance the 

reliability of rainfall erosivity estimation at the national scale. 

2. The return period analysis in this study was based on 20 years of data. Extending 

this period beyond 20 years in future studies would help in improving the 

reliability of return period estimates and provide better insights into extreme 

rainfall events. Based on this analysis, return period-based soil loss maps can also 

be prepared in the future. These maps will be useful for planning and designing 

soil conservation structures. 
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3. For assessing future rainfall erosivity, this study used bias-corrected precipitation 

data from 13 CMIP6 climate models and selected the top five models for analysis. 

Although this ensures consistency, the future studies can consider more climate 

models to include a wider range of possible outcomes. Also, only two future 

climate scenarios (SSP245 and SSP585) were explored here. Including more 

Shared Socioeconomic Pathways (SSPs) in future research will help provide a 

more complete picture of possible changes in rainfall erosivity under different 

future conditions. 
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Appendix 

 

      

       

Figure – Photographs captured during manual extraction of 19 years half hourly data at 

the office of IMD Guwahati 
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