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ABSTRACT 

In the present study, an attempt was made to develop an agricultural water 

availability index (IAWA) for the assessment of future water availability and its impact 

on climate change, and estimate the agricultural mechanization index in Kohima and 

Dimapur districts, Nagaland, India, to recommend suitable agricultural implements 

under less water availability situation.  The daily rainfall data for 17 years (2003 to 

2020) was collected from the Department of Soil and Water Conservation, 

Government of Nagaland, Kohima, for the study. The MODIS (Moderate Resolution 

Imaging Spectroradiometer) satellite images from NASA, specifically for 2011, were 

used to analyze the soil moisture. To assess the groundwater depth and quality such as 

pH level, electrical conductivity, nitrate concentration, and fluoride levels, the data 

from 2004 to 2020 were used from the India WRIS (Water Resources Information 

System). Surface runoff was estimated using the SCS – CN method (Soil Conservation 

Service – Curve Number) which incorporated the rainfall data, soil map, and Land Use 

Land Cover (LULC). CanESM2 (second-generation Canadian Earth System Model) 

global climate model was used to predict future climate scenarios. For the estimation 

of agricultural mechanization, a survey was conducted among the 101 farmers with a 

view to collect data of the present status of farm mechanization and the costs of 

cultivation involved for the major crops in the study area. Further to analyze and 

interpret the data, the software programs such as ArcGIS, SDSM, and CROPWAT were 

used.  

The study showed that the highest rainfall occurred in July (556.33 mm) and 

the lowest in December (3.56 mm). From the study, the soil moisture was found to be 

low over 50% of the study area during the winter season. In the study area, the 

groundwater quality in the study area was found to be good, meeting the required 

standards for drinking purposes regarding pH, electrical conductivity, nitrate, and 

fluoride. It also revealed that the groundwater depth decreases during the dry season. 

The surface runoff was found to be lowest in January (0.22 mm) and highest in July 

(385.18 mm), which was consistent with the rainfall pattern, with more runoff 

occurring during the rainy season.  The results revealed that the present water 

availability was highest during the monsoon season with its peak in July (380 mm) and 



lowest during the winter season, with its off-peak in January (10 mm), which showed 

a clear seasonal pattern of water availability. 

The study predicted the rainfall in the study area with coefficient of 

determination i.e. R2 values of 0.92 for Kohima and 0.85 for Dimapur. The model also 

predicted the maximum and minimum temperatures in Kohima with the help of R2 

values of 0.99 and 0.98; and 0.92 and 0.93 in Dimapur. Future climate projections 

revealed that there would be an increase in both rainfall and temperature, with 

significant shifts in the distribution of rainfall across months. Despite the overall 

increase in rainfall, it is expected that there will be water shortages during the winter 

season, as water availability was found to be lacking for crop needs during the winter.  

Human power still being the primary source of farm power in the study area. 

Chili and potato farming were found to be the most profitable crops among the six 

major crops, i.e., rice, maize, beans, potato, soyabean, and sugarcane, suggesting that 

farmers should consider shifting to these crops to improve economic returns in the face 

of fluctuating water availability. The mechanization index was low, indicating heavy 

reliance on traditional farming methods. Improved implements and tools such as a 

garden rake, khurpi, sickle, hand fork, hand hoe, Naveen dibbler, tubular maize sheller, 

and improved seed drill, were recommended to reach the mechanization index of 

mechanized states of India like Punjab, Haryana, U.P. It is expected that these findings 

can serve as vital information for implementing precautionary measures in the future 

for developmental activities or better management of water resources, for climate 

change adaptation strategies to enhance crop production by utilizing agricultural inputs 

properly.  

Keywords: Agricultural water availability index (IAWA), Climate Change, Rainfall, 

Mechanization Index (MI), Water resource management  
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CHAPTER 1 

INTRODUCTION 

Water is an essential energy resource for the survival of all living beings on 

Earth. Water supports life on this planet in the growth of every organism, human needs, 

and economic development. Life on Earth has existed since all species have their 

habitats in and around water resources. Despite water encompassing around 70% of 

the Earth's surface, a minuscule fraction of freshwater is utilized for human 

consumption. For agricultural production, nearly 70% of the withdrawal volume of 

water is used, while the industrial sector and the domestic use only 22% and 8% 

volume of water, respectively (Aivazidou et al., 2016). 

The availability and scarcity of water are not only a concern for the future, but 

also a reality in both the developed and developing worlds (Tidwell et al., 2018; Kumar 

et al., 2018). Potentially, water scarcity can impede society's desired economic and 

social growth. As a result of increased demand for water caused by population growth, 

urbanization, and industrialization, as well as climate change, water scarcity is 

occurring all over the world. In many advanced and developing countries, there have 

been reports of conflicts over future water allocations for various purposes (Tidwell et 

al., 2018). 

The population of the country rose from 1.21 billion in 2011 to 1.31 billion 

over the 10 years, representing 17.7% of the global population (Vohra and Franklin, 

2021). The per capita water availability in the country has declined from 1519 m³/year 

in 2011 to a projected decline of 1486 m³/year for 2021 (Parikh and Nair, 2019). Due 

to the spatial variation in rainfall, the per capita water availability also varies from 

basin to basin. The water demand is a global phenomenon due to overpopulation and 

related factors; all humans have started depleting in an unplanned and unscrupulous 

manner by exploiting water resources. The scarcity has been observed in arid regions 

and areas with torrential downpours (Krishna et al., 2004).  Water scarcity is a serious 

problem that impedes any society's long-term growth (Shah and Narain, 2019). 
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Therefore, quantifying water availability, consumption, and management has 

become crucial in the current scenarios to plan for growing crops systematically. Water 

availability implies the provision of water over what is already allowed for 

consumptive use within a specific basin, indicating the quantity of water accessible for 

further development. Water availability and usage are heavily influenced by the 

hydrology of the basin, climatic conditions, land use characteristics, legal and 

regulatory structures, and the values of the basin's inhabitants. Water availability and 

the dynamics of water resource usage in an area must be characterized (Barlow et al., 

2004).  The World Business Council for Sustainable Development defines water 

scarcity as cases in which all needs, agricultural, industrial, or domestic, cannot be 

met, given the lack of water. Agriculture is a critical sector in most developing 

countries. It enables farmers to accomplish the developmental objectives, such as 

equity, self-reliance, and growth. 

India has five primary climatic regions: tropical, arid, semi-arid, temperate, and 

alpine significantly influence its ecological landscapes and agricultural practices. The 

country is geographically diverse; therefore, during dry seasons, many regions 

experience water scarcity. During that time of the year, millions of people rely on 

groundwater as their main source of drinking water as well as for agricultural purposes. 

In India, over-extraction of groundwater has depleted crucial water tables in different 

regions of the country. 

Anthropogenic and climatic activities persistently impact many hydro-

meteorological systems. These effects manifest as trends in rainfall, temperature, 

evapotranspiration, stream flows, etc. Further, these trends could be geographical (a 

trend in place) or temporal (a trend in time) in time. Such tendencies are crucial for 

researching several facets of climate change. Climate change could affect water supply 

availability and short-term uncertainty in several places. Possible regional effects of 

climate change include more frequent and severe floods and droughts as well as long-

term changes in mean renewable water supplies caused by changes in temperature, 

humidity, soil moisture, wind intensity, nature and extent of vegetation, duration of 

accumulated snowpack, and runoff (Solomon et al., 2007). Water use would be 

affected by climate change-related behavioral changes, such as shifts in heating and 
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cooling demand. Although annual global per capita runoff would likely rise in a 

warming climate, increases (mostly in East and Southeast Asia) are expected to happen 

mostly in high-flow seasons, raising the demand for water capture and storage and the 

possibility of flooding (Bates et al., 2008). 

India is prone to the effects of worldwide climate change that strikes Indian 

agro-climatic conditions, resulting in erratic rainfall patterns, higher temperatures, and 

eventually influencing the replenishment of aquifers and rivers. The devastating 

consequences of water scarcity are leading to lower crop yields and increased food 

prices in India. Ultimately, reduced water availability impacts agriculture in the 

country. If such a situation prevails in the future, India and other developing countries 

whose economy is based on agriculture will be affected. In such cases, the changing 

climate scenarios would be of concern for a growing population, rising 

industrialization, and related needs for new energy and food. Given the area's great 

sensitivity to these changes, an increase in extreme weather events will be quite 

significant. The forecast indicates that warming will differ by site, with more and less 

rainfall. Moreover, changes in climate variability, as well as the frequency and 

intensity of certain extreme weather events, would result.  

The climate of India's North Eastern Region (NER) ranges from subtropical to 

alpine, within a heavy rainfall zone. The region is defined by its diverse topography, 

great diversity in slopes and elevations, land tenure systems, and farming techniques. 

Despite receiving heavy rainfall, the North-Eastern States face increased water scarcity 

daily due to inadequate water management. Irrigation systems in the region are 

underdeveloped, and for agricultural purposes, water storage and distribution 

mechanisms have not been created. Consequently, most NER farmers rely on the 

southwest monsoon for their farming operations; meteorological data indicate many 

states are experiencing "drought" or drought-like conditions. The north-eastern region 

of India is expected to be more vulnerable to the consequences of climate change (Das 

et al., 2009). 

Considering that 70% of the population in Nagaland depends on climate-

sensitive industries, including agriculture, fisheries, forestry, etc., climate change is a 

significant concern in Nagaland. Despite Nagaland's ample water resources, including 

springs, perennial rivers, sufficient rainfall, and groundwater aquifers, the state is 
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confronting a challenge due to freshwater scarcity. Water Resources Development and 

Management in Nagaland (Chorley, 1969) observes that the study of water offers a 

rational connection between knowledge of physical and social surroundings. Water, a 

limited resource, will become a major limiting factor in socio-economic development 

unless early action is taken. 

Numerous studies have also emphasized the depletion of water resources in the 

state, leading to a drought-like situation (Dash et al., 2012; Goyal et al., 2019; de 

Fraiture & Wichelns, 2010; Yadav, 2020; Sarkar and Maity, 2020; Salman et al., 

2020). Amongst all North-East states, Nagaland was evident to receive less rainfall in 

2014 (Dikshit and Dikshit, 2014). 

Agriculture in the state is rain-fed, with 90% of the crops grown during the 

kharif season. The average productivity of food grain was 2091 kg/ha, closely aligning 

with the national average of 2490 kg/ha. Food grains production in the state was 570.44 

Mt in 2011-2012, which increased to 755.59 Mt in the year 2020-21, registering a 

percentage increase of 24.50% (Ngullie and Deka, 2022). Recent trends indicated a 

growing focus on cash crops such as chilies, tomatoes, and ginger (Roy et al., 2020). 

However, because the present pace of food production in the state is insufficient to 

fulfill the population's growing demand, the state has to import food from other states. 

The state, unlike the rest of the northeast region, has a certain distinct factor, viz., 

undulating topography, hilly terrain, high rainfall, heavy landslides, demography, 

community, and an individual-based land tenure system, etc., that hampers the 

application of the modern agricultural farming system.  

From the scenarios mentioned above, it is understood that there is a pressing 

need to formulate the water availability index, including all the water availability 

factors, such as quantity, quality, and accessibility, into a single index variable that can 

portray the complete picture of the water situation for agriculture in the study area. 

This primary informative indicator can assist the decision-makers in quickly 

quantifying, such as quantity, quality, and accessibility, which can show the whole 

picture of the water situation for agriculture in the study area.  

Furthermore, projected rainfall, river runoff, and temperature estimates can 

provide a more accurate representation of future water supply. From these projections 
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of future water availability, planners and policymakers may establish more effective 

management targets to solve water shortages and surpluses. To alleviate the 

seriousness of the situation, the priority must be given to the management and 

development of water resources in Nagaland by indexing available water, advocating 

a proper utilization plan, and recommending a suitable mechanization strategy for the 

state. 

Research gap and rationale 

While the context above establishes the scale of water scarcity and the NER 

paradox of “high rainfall yet frequent scarcity,” most prior work has evaluated single 

components (rainfall trends, groundwater status, or runoff) independently for 

Nagaland and the wider NER. A comprehensive agricultural water availability 

assessment that integrates rainfall, soil-moisture storage, surface runoff, and 

groundwater quantity–quality into a single decision-support metric is largely absent. 

This gap makes it difficult to compare spatial–temporal patterns and to prioritize 

interventions. The present thesis addresses this by formulating an Agricultural Water 

Availability Index (IAWA) tailored to hilly ecosystems, enabling integrated diagnosis of 

“quantity–quality–accessibility” and informing location-specific strategies for 

conservation, storage, irrigation, and mechanization. 

Hypotheses 

1. A composite index, incorporating multiple hydro-climatic variables (e.g., 

precipitation, runoff, soil moisture, groundwater levels) and agricultural 

demand, can accurately represent the spatiotemporal variation of agricultural 

water availability in the study area. 

2. The developed IAWA will reveal significant spatial variability, identifying 

specific sub-regions within the study area that are more water-stressed than 

others. 

3. The implementation of specific water management strategies (e.g., improved 

irrigation efficiency, rainwater harvesting, or reservoir management) can 

significantly mitigate the negative effects of climate-induced water variability. 
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4. The adoption of specific water-efficient agricultural implements (e.g., drip 

irrigation systems, conservation tillage equipment) is positively correlated with 

improved water-use efficiency at the farm level. 

Keeping in view the facts and research gaps as stated above, the present research 

has been undertaken in Kohima and Dimapur districts, with the following objectives: 

1. To develop an Agricultural Water Availability Index for assessing the current 

situation of water availability in the study area. 

2. To assess the impact of climate change on the temporal and spatial variation of 

water availability in the study area. 

3. To identify and recommend an acceptable climate change adaptation strategy 

to address water shortage or excess in the near future. 

4. To assess mechanization index and recommend suitable agricultural 

implements under less water availability situation. 
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CHAPTER 2 

REVIEW OF LITERATURE 

Assessment of water availability for sustainable agricultural production under 

a climate change scenario in Nagaland is the main objective of this present research 

work. Assessment is done for two unique districts of Nagaland, viz. Kohima (hilly 

topography) and Dimapur (valley), where the method of cultivation and type of crop 

grown are different. The data collected from secondary sources of the last seventeen 

years (2003-2020) for rainfall, MODIS (Moderate Imaging Spectroradiometer) for 

2011, groundwater depth data for sixteen years (2004-2019), groundwater quality data 

for 2020, were assessed and predicted for the future period of 2021-2038, 2039-2059, 

2060-2080, and 2081-2100, taking 20 years interval except for 2021-2038 (18 years). 

Further, the mechanization index was also assessed in the study area to recommend 

some suitable implements and machines to cater to the need for mechanization.  

In the past, researchers have made attempts to assess the Agricultural Water Availability 

Index, the impacts of climate change on spatial and temporal variation of water availability, 

studies on acceptable climate change adaptation strategies to address water shortage or excess, 

farm power availability, and agricultural mechanization index to enhance the degree of farm 

mechanization.  

The relevant published literature was reviewed and highlighted on all these 

aspects in this Chapter.  

This chapter is organized under the following headings: 

2.1 Agricultural Water Availability Index for assessing the current situation of 

water availability. 

2.2 Assessment of the impact of climate change on temporal and spatial variation 

of water availability. 

2.3 Identify and recommend an acceptable climate change adaptation strategy to 

address water shortage or excess in the near future. 
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2.4 Assessment of mechanization index and recommend suitable agricultural 

implements under water shortage or excess field situation. 

2.1 Agricultural Water Availability Index for assessing the current situation of 

water availability 

            The agricultural water availability index (IAWA) is a method that includes 

insight into water availability from rainfall, soil moisture, groundwater quantity and 

quality, and surface runoff. 

2.1.1 Rainfall interpolation 

Rainfall is an essential data point for managing water resources, modeling 

hydrology and ecology, assessing recharge, and scheduling irrigation. Typically, well-

planned networks of rainfall stations collect this data as observational information. The 

rainfall is characterized by significant diversity in both spatial and temporal 

dimensions. Estimating rainfall may be achieved using spatial interpolation 

algorithms.  

Dirks et al. (1998) evaluated four different spatial interpolation techniques for 

rainfall data gathered from 13 rain gauges covering an area of 35 sq. km on Norfolk 

Island.  The comparison sought to identify the most efficient way to get continuous 

rainfall estimates over the island for different integration times. Surprisingly, the more 

complicated kriging technique was outperformed by the computationally simpler 

techniques, such as inverse-distance weighting (IDW), Thiessen, and areal-mean. The 

study suggested the inverse-distance approach for spatial interpolation, especially with 

dense spatial networks, to better integrate the traits of spatially changing rainfall. 

Yunfeii et al. (2007) compared the effectiveness of IDW, simple kriging, 

and ordinary kriging interpolation techniques for rainfall data in the Ganjiang drainage 

region. The most appropriate approach was found using several interpolation 

techniques with identical parameters and taking trend and anisotropy into account. 

When the mean is known, findings indicate that straightforward kriging has the 

greatest accuracy. Kriging effectively reflects larger-scale rainfall trends, while IDW 
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is better for local detail changes. Weak autocorrelation was observed in the rainfall 

data, and the exponential semivariogram model provided the highest precision. 

Ignoring trend influence and anisotropy did not affect interpolation precision. 

Tao et al. (2009) examined the rainfall series from 30 rain gauges to improve 

small-scale rainfall interpolation in the Great Lyon area. Results revealed that the 

Kriging model and parameter should vary based on the rainfall series, and IDW and 

Spline methods may be more suitable for regions with a high density of rain gauges.  

Chen and Liu (2012) investigated the correlation between interpolation 

accuracy and two important IDW components: power (α value) and search radius. 

With a subset of 12 from the Taichung Irrigation Association used for cross-validation, 

the study gathered data from 46 rainfall stations spanning 1981 to 2010. Using the root 

mean squared error, the perfect values for the radius of influence and control parameter 

(α) were estimated. The findings indicated that the best radius of influence for IDW 

fell between 10 and 30 km and that the ideal alpha values differed from zero to five. 

Moreover, the research indicated that, especially in the dry season, IDW was a suitable 

technique for spatial interpolation with strong correlation coefficients exceeding 0.95. 

Mahalingam et al. (2014) studied the spatial variations of 0rainfall in Mysore 

district, Karnataka, India. The region where average rainfall may be anticipated in the 

future was determined by calculating the coefficient of variation after year-by-year 

spatial fluctuations in rainfall (2000–2012) were examined using the IDW technique 

in GIS. The results revealed that the study area has fluctuations in rainfall, with low, 

moderate, and high variations observed in 1,156 sq. ft. km², 5,026 Sq. Km, and 58.93 

Sq. Km, respectively. 

Yang et al. (2015) investigated various spatial interpolation techniques to 

generate fine daily rainfall data from regional climate simulations. Examined to both 

station rainfall data and simulated rainfall were four often used techniques: ANUDEM, 

Spline, IDW, and Kriging. Several factors were used to assess the efficacy of these 

approaches. The results indicated that the Inverse Distance Weighting (IDW) method 

was relatively straightforward to use in a Geographic Information System (GIS) and 
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outperformed the other methods by a small margin. The IDW method was then applied 

with a spatial resolution of 100 meters to produce a 40-year sequence of rainfall data 

for the Greater Sydney Region (GSR) at daily, monthly, and annual intervals. The 

obtained data were used to forecast the erosive potential of rain and, evaluate and 

develop community-level climate change adaptation plans. 

Pandey et al. (2016) performed spatial interpolation using rainfall data from 

several raingauge stations in the Bisalpur catchment. They used various techniques in 

GIS, such as Theissen polygons, Natural Neighbor (NN), IDW, Trend, Spline, 

Kriging, and Topo to Raster. The results were evaluated using RMSE, variance, 

correlation, fractional bias, and FA2 (%). Among these methods, Topo to Raster 

produced the most reliable interpolation results, while the worst performance was 

observed with NN. Therefore, Topo to Raster was chosen as the most reliable model 

for interpolation. 

Das et al. (2017) evaluated the performance of Kriging, IDW, and Spline 

spatial interpolation techniques. For 19 standard meteorological weeks, the weekly 

average rainfall data from 1901 to 1985 were used. By assessing the mean absolute 

deviation and mean squared deviation errors, the analysis sought to identify the most 

effective interpolation technique. The study concluded that the IDW approach was the 

best spatial interpolation method since it performed better than the other two strategies. 

Aher et al. (2019) estimated spatio-temporal variability in rainfall using 15 

years of daily rainfall data (2000-2014) from 39 rain gauge stations in and around the 

Upper Godavari basin by statistical computations and GIS techniques. Mean annual 

rainfall, mean half-decadal, and other statistical parameters are used by the study to 

find orographic effects and spatial rainfall distribution. Rainfall is spatially estimated 

with inverse distance weighting interpolation. With rising monsoon intensity from 

2000 to 2006 and declining intensity later, the study findings reveal significant spatio-

temporal variability in rainfall during 2010-2014 and lower variability during 2005-

2009. The method finds micro-level rainfall variation that can support the sustainable 

management of water resources. 
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Ryu et al. (2021) employed compressed sensing (CS), a novel framework for 

signal acquisition and smart sensor design, to propose new spatial precipitation 

interpolation schemes. The interpolation of precipitation maps was achieved in high 

resolution by obtaining sparse coefficients of radial basis functions (RBFs). Two types 

of CS matrix methods were designed: one derived from an m × n (n × m) weights 

matrix of IDW and an n × n RBF matrix, and the other consists of an m × n RBF matrix 

based on a few observation vectors and several unknown vectors. The proposed CS 

methods can be represented at high resolution due to interpolation based on many 

bases, preventing variance values from being smaller than actual values. 

Noor et al. (2022) investigated the intensification of rainfall on the island of 

Java; the area where rain occurs is a key parameter for climate change. They use spatial 

classification and interpolation methods, such as Random Forest and IDW, for rainfall 

interpolation. Daily models achieve the best accuracy in the 5D model sub-model C, 

while monthly models achieve the best in the B4M sub-model. Results showed daily 

predictions for June 1-4, 2022, predict light rain, sunny, and cloudy days from June 5-

7, and cloudy days in August and June 2022. Monthly predictions show cloudy 

conditions in most of Java, with light rainfall in May, July, October, and September. 

Shadeed et al. (2022) found the optimal approach to create interpolated rainfall 

surfaces in the Faria catchment, Palestine.  Using seasonal rainfall data from 16 sites 

across two rainy seasons (2016/2017 and 2017/2018), six GIS-based spatial 

interpolation methods—including IDW, Spline completely regularized, Spline with 

Tension, Ordinary Kriging (OK), Universal Kriging (UK), and Regression—were 

evaluated by visual observation and cross-validation.  The findings indicated that the 

UK was the most appropriate tool for mapping rainfall distribution in the study area 

since it had the greatest correlation coefficient and the lowest mean relative error.  The 

performance of the various techniques in the catchment was also affected by the spatial 

distribution of rain gauges across seasons. 

Paradkar and Mittal (2024) conducted a study on the precipitation patterns in 

southern Rajasthan, specifically analyzing the quantity and temporal fluctuations. The 

researchers employed the Standard Meteorological Weeks (SMW) and historical 
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weekly rainfall data. They applied the IDW interpolation technique available on the 

ArcGIS platform for geographical analysis. With an average weekly rainfall varying 

from 2.1 to 68.4 mm, the results show a significant amount of rain between SMW-22 

and SMW-42. Weekly rainfall showed notable variation as the standard deviation often 

surpassed the average. Apart from the peak monsoon season (SMW-30), most stations 

in the study area showed no significant trend in annual rainfall data. These results 

improve understanding of the regional rainfall patterns, which are crucial for the 

efficient control of water resources and agricultural activities. 

Workneh et al. (2024) analyzed Ethiopia's six rainfall station regimes, covering 

1.13 million sq. km, and used high-resolution spatiotemporal rainfall data for 

hydrological studies. The techniques consisted of IDW, kriging, multivariate linear 

interpolation, and individual linear interpolation depending on elevation, aspect, slope, 

and kriging. Cross-validation of rain gauge stations and ENACTS data evaluated the 

performance of these techniques. The findings validated the need for six rainfall 

regimes for interpolation research. While slope and aspect-based interpolations did 

well in regimes II and III, elevation-based interpolation was predominant in regimes I 

and IV. The study advises kriging for regions with little orographic and local climatic 

variation and elevation-based interpolation for mountainous areas. 

2.1.2 Soil moisture storage 

The water content in the soil, held in the gaps between soil particles, is soil 

moisture. Soil moisture affects relationships between the land surface and atmosphere, 

therefore affecting weather and climate. Remote sensing data can show complete 

information about the Earth's surface when compared to conventional soil moisture 

monitoring techniques. 

Wan et al. (2004) used Terra-Moderate Resolution Imaging Spectroradiometer 

(MODIS), Land Surface Temperature (LST), and Normalized Difference Vegetation 

Index (NDVI) data to create a near-real-time drought monitoring system. Surface 

reflectance and thermal qualities are combined in the Vegetation Temperature 

Condition Index (VTCI). Using ground-measured precipitation data across a study 
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area spanning portions of Texas and Oklahoma in the Southern Great Plains, USA, a 

case study was conducted to evaluate the VTCI approach.  Linear correlation analyses 

of VTCI and total monthly precipitation, as well as deviation from normal monthly 

precipitation, revealed that VTCI was closely associated with recent rainfall events 

and prior rainfall quantities, implying that VTCI could be a more effective and real-

time drought monitoring strategy.  

Hossain et al. (2006) investigated the mapping of regional variation in surface 

moisture in Southern Africa using reflective and thermal ASTER data. Their findings 

demonstrated that employing various techniques to measure changes in surface 

moisture provides valuable insights for monitoring drought conditions in Southern 

Africa. The triangular space method proved to be a more precise technique for 

estimating moisture fluctuations. 

Wang et al. (2007) established the regression connections at a 1 km scale by 

combining three years of 1 km NDVI and LST records from the Moderate Resolution 

Imaging Spectroradiometer (MODIS) in conjunction with ground-measured soil 

moisture data. The findings showed a strong relationship between MODIS NDVI and 

LST and the ground-recorded soil moisture. The land cover and soil type influenced 

the regression relationships. For the study area, the regression links can generate soil 

moisture estimates at a low resolution. 

Potithep et al. (2009) identified one of the most important factors in the 

biological process to grasp the belowground biomass or soil carbon as the soil's 

moisture or water content. This work attempted to correlate the data from satellite 

photos to evaluate the water content of the soil. It looked at how soil water content and 

the normalized soil index (NDSI), set using near- and shortwave infrared wavelengths, 

interacted with one another. Results indicated that NDSI-based channel 6 at 10 cm 

depth had the greatest linear relationship (R2 = 0.81). 

Han et al. (2010) studied the soil moisture using the multitemporal data 

products from the Moderate Resolution Imaging Spectroradiometer (MODIS) in the 

larger Changbai Mountains. Data products included Land Surface Temperature (LST), 



14 
 

Normalized Difference Vegetation Index (NDVI), and land cover categories. The data 

was narrowed down to four significant time points across nine distinct periods in 2007, 

specifically focusing on the inversion of soil moisture conditions. The temperature-

vegetation dryness index (TVDI) was calculated from the wet-edge and dry-edge 

correlations to show changes over time in the moisture levels of the soil on the land 

surface in the study area. The results showed that the combination of Normalized 

Difference Vegetation Index (NDVI) and Land Surface Temperature (LST) can greatly 

enhance the ability to precisely assess soil moisture levels over a large geographical 

area and with regular measurements. The parameters correctly reflect the moisture 

level of the surface soil and strongly correlate with the relative field-collected soil 

moisture (R2>0.70). Seasonal variations show that the TVDI trend is lower in the wet 

season in the specified area. 

Pandey and Pandey (2010) studied the spatial and temporal variability of the 

soil moisture at C.T.A.E. Udaipur, India, and reported that the krigged values were 

more representative and a genuine representation of soil moisture values. Historical 

soil moisture values allow one to predict the krigged soil moisture values at a given 

time and location. The statistical characteristics indicate a considerable reduction in 

soil moisture variability following kriging. These projected values, coupled with the 

essential knowledge about the crops to be cultivated and their anticipated yield, aid in 

optimal irrigation scheduling. 

Yang et al. (2013) proposed a modified triangle approach, known as the Ts/VI 

space, for the calculation of the temperature vegetation dryness index (TVDI). The 

space was constructed with the Normalized Difference Vegetation Index (NDVI) and 

the Enhanced Vegetation Index (EVI). Using 20 MODIS images (land surface 

temperature and vegetation index products), this approach calculated the TVDI to 

evaluate the soil moisture situation in the Northern China Plain. In situ moisture data 

gathered from 133 agricultural sites were used to validate the TVDI. Eventually, the 

relationship between TVDI and precipitation was looked at. The research found that 

while the TVDI calculated using EVI is often more sensitive to soil moisture 

conditions, the TVDI computed using NDVI is quite responsive to soil moisture at a 
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depth of 20 cm. There was a strong correlation between TVDI and rainfall. Rain would 

increase the moisture level of the soil, therefore allowing the computation of the TVDI. 

Feng et al. (2014) evaluated soil moisture levels by observing the temperature 

vegetation dryness index (TVDI). The LST-VI space was constructed utilizing nine 

pairs of MODIS products (MOD09A1 and MOD11A2) with moderate resolution, 

covering five provinces in Southwest China. NDVI, EVI, and MSAVI were utilized 

consecutively to generate three LST-VI spaces. We analyzed the correlations among 

the three TVDIs derived from LST-NDVI, LST-EVI, and LST-MSAVI, and the soil 

moisture measurements from 98 sites. The results illustrated the efficacy of TVDI in 

assessing soil surface moisture levels. The TVDI obtained from the LST-EVI space 

(TVDIE) exhibited a more robust correlation with soil moisture as compared to TVDI 

computations based on the LST-NDVI and LST-MSAVI spaces. The usefulness of the 

TVDIE approach for monitoring soil moisture conditions was established by analysis 

of multiple TVDIE space stages. 

Bhambure et al. (2017) investigated to assess the soil moisture variation and 

vegetation indices for the Savitri basin. The moisture variation in the area was 

estimated by the NDWI and VI-LST methods using the satellite data Landsat 7 and 

Landsat 8. The NDWI (Normalized Difference Water Index) was calculated using 

Near-infrared (NIR) and Short-wave infrared (SWIR). Moreover, the Landsat imagery 

for 1999, 2000, 2002, and 2003 was classified into three moisture classes, i.e., very 

low, low, and moderate. In addition, the moisture percentage was demarcated by 

threshold DN values. LST was calculated using thermal (band 6) of the Landsat. The 

MSAVI and LST images were stacked to create a feature space image. The image was 

the unsupervised classification method into the three classes. In   1999, the moisture 

variation occurred between 21.95 to 23.54 percent at a DN value of 80000; in 2000, 

the moisture variation was 21.75 to 23.49 percent at a DN value of 80000. In 2002 

and 2003, moisture variation was 24.71 to 32.40 and 7.92 to 24.07 percent at 

DN values 40000 and 30000. Moisture available is moderate in the land portion, 

and the hilly section is low. 
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Bai et al. (2020) estimated the soil moisture profiles using satellite NDVI and 

LST products at the regional scale. Conducted in the Qilian Mountain Ranges, China, 

the study was split into 31 zones according to altitude, vegetation, and soil type. At 

every zone, long-term in situ soil moisture observation stations were set up; five layers' 

worth of moisture was gathered using soil moisture probes. Estimating soil moisture 

(0-70 cm) on a regional scale, several linear regression equations were created for each 

soil layer at the 31 zones. With a soil moisture content of 14.5%, the findings revealed 

that the eastern area had more soil moisture than the western one. The findings and 

methods provide fresh uses of remote sensing to assist hydrological studies in 

mountainous regions and soil moisture data collection. 

Hassim et al. (2020) compared rainfall interpolation in the Langat River Basin 

using the IDW, OK, Simple Kriging (SK), and Kernel Smoothing (KS) techniques. 

Reference data came from rainfall records from 2008 to 2017. The study sought to 

contrast these techniques with a geostatistical wizard in ArcGIS. Mean error, Root The 

efficacy of the methods was assessed using the mean error, RMSE (Root Mean 

Squared Error), RMSSE (Root Mean Square Standardized Error), and ASE (Average 

Standard Error). The SK approach outperformed the Langat River Basin's IDW, OK, 

and KS methods by showing better statistical evaluation. The work highlights the 

significance of complete rainfall data in hydrology models. 

Koley and Jeganathan (2020) used Landsat 8 Optical Land Imager (OLI) and 

Sentinel 2A Multispectral Instrument (MSI) to project the surface soil moisture at high 

spatial resolution. Soil moisture at 30 m and 20 m, respectively, was estimated using 

the thermal and short-wave infrared bands of Landsat and Sentinel images. Dryness 

was estimated using the red and near-infrared bands. By combining multi-sensor and 

multi-resolution feature space, the study closes the gap. Using Soil Moisture Active 

Passive (SMAP) and Climate Change Initiative (CCI), the downscaled soil moisture 

data were validated; a notable correlation was found for thermal band-derived soil 

moisture, short-wave band-derived soil moisture, and red and NIR band-derived 

dryness. The study also revealed temporal continuity and spatial spread errors in the 

projected soil moisture. 
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Peng et al. (2020) studied the temperature vegetation dryness index (TVDI), 

which combines LST and NDVI. They calculated the TVDI using LANDSAT 8 

operational land imager/thermal infrared sensor images and 96 in situ soil moisture 

measurement observation points. Results revealed a significant negative relationship 

between the TVDI and soil moisture, indicating that the TVDI can indicate soil 

moisture conditions in the Longmen Mountains (TZ). Emphasizing the spatial patterns 

of soil moisture content in the TZ, western China, the paper offers a method for 

optimizing soil parameterization in agricultural water management using remotely 

sensed soil moisture. 

Sabah and Afsar (2020) investigated the soil moisture changes using different 

perspectives, including soil moisture index (SMI), NDVI, LST, and SMI with LST and 

NDVI. Satellite images from Landsat 8 OLI/TIRS and Landsat 4-5 TM were used. The 

study found that SMI with LST decreased due to increased LST, while SMI with NDVI 

and LST and NDVI increased. High values of no-change classes graphically revealed 

all changes. 

Felegari et al. (2022) conducted a study on the Normalized Difference 

Vegetation Index (NDVI) in the forested region of Gilan. They utilized data from 

Landsat sensors and SMAP sensor photos spanning a period of three years, from 2016 

to 2018. The findings indicated that Gilan province saw the highest levels of rainfall 

and soil surface moisture in 2016, but the lowest levels were seen in the same province 

in 2017. The NDVI value reached its peak in 2017, measuring 0.441, and hit its lowest 

point in 2016, measuring 0.392. The study also discovered a negative correlation 

between the soil surface moisture diagram and NDVI. Specifically, there is a negative 

correlation when the moisture diagram is decreasing and increasing, and vice versa 

when it is increasing. 

Sharma et al. (2022) investigated the trends in the MODIS/TERRA-derived 

NDVI over Gautam Buddh Nagar, India, from 2005 to 2018. The region is sub-humid 

and has urbanization zones, forests, and arable land. NDVI-derived vegetation growth 

patterns revealed notable seasonal cycles and the interannual fluctuations. The NDVI 

seems to be more sensitive to LST than the soil moisture and precipitation because its 
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correlation with the LST is stronger. Winter had the highest NDVI values, followed 

by monsoon, post-monsoon, and pre-monsoon.  

Naga et al. (2023) investigated the enduring correlations between the satellite-

derived Normalized Difference Vegetation Index (NDVI) and many parameters during 

India's Kharif season from 2000 to 2018. The study determined that NDVI effectively 

represents the various stages of crop phenology and experiences year-to-year 

fluctuations that are driven by the El Niño Southern Oscillation. The Normalized 

Difference Vegetation Index (NDVI) exhibited a substantial dependence on surface 

soil moisture (SSM) and groundwater storage (GWS), displaying a large negative 

correlation coefficient with Land Surface Temperature (LST). The wavelet coherence 

spectrum showed a synchronized association with rainfall, SSM (soil moisture), GWS 

(groundwater storage), and an opposite phase connection with LST (land surface 

temperature), with less strong connections between 2004 and 2008. 

Carlson (2024) examined the issue of remote sensing of soil water content 

based on a right triangle method. The fractional vegetation cover (NDVI) space and 

the pixel distribution in temperature revealed a resemblance to a right triangle. The 

model emphasizes overcoming the difficulties caused by sparse or low-resolution data 

and simplifies the analysis and interpretation of remote sensing data by adopting the 

form. The results showed that the right triangle model might be a useful tool for 

thermal and optical remote sensing. 

2.1.3 Groundwater quantity and quality 

Groundwater is a vital resource, but it is being overused and polluted. Focusing 

on the interrelationship between quantity and quality, the groundwater amount and 

quality show the best present knowledge on controlling groundwater resources. 

Dash et al. (2010) investigated the pollution concentration levels and 

groundwater depth of the Delhi area. Groundwater depth and quality characteristics—

including chloride, electrical conductivity, fluoride, magnesium, and nitrate—were 

attempted to be mapped in terms of their spatial variability. While ordinary kriging 
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was used to examine the geographical variation of groundwater depth and quality data, 

indicator kriging was used to evaluate groundwater quality parameters equal to or 

above the pollution threshold values. The semi-variogram parameters fit the spherical 

model for water quality parameters and the exponential model for water depth well. 

Groundwater depth was within 20 meters in 43% of the study area, as indicated by the 

created spatial variability maps. Of the examined area, 69% had salinity more than 2.5 

dS m-1; 36% had nitrate levels more than 45 mgl-1. While 24% had the greatest 

probability (0.8-1.0) of surpassing the threshold value for electrical conductivity, the 

probability maps showed that 2% of the area had the highest likelihood of exceeding 

the threshold value for nitrate concentration in groundwater. The spatial variability and 

probability maps generated will enable water resource managers and legislators to 

develop guidelines for the sensible use of groundwater resources for drinking and 

agricultural use in the research area. 

Srinivas et al. (2011) examined the groundwater samples 

for various physicochemical characteristics using the water quality index (WQI) to 

determine their acceptability for drinking. It was discovered that seven places had 

WQI values inside the parameters. High WQI scores were primarily caused by fluoride 

content.  Appropriate corrective actions and groundwater augmentation structures are 

suggested in the research area to enhance groundwater quality. 

Thakor et al. (2011) conducted an assessment of the Water Quality Index 

(WQI) and examined the impact of industry, agriculture, and human activity on its 

water quality of Pariyej Lake. To determine the Water Quality Index (WQI) for the 

summer, winter, and rainy seasons, measurements were taken of various physico-

chemical parameters. All the metrics, including pH, Total Hardness, Calcium, TDS, 

Chloride, DO, Nitrate, BOD5, and Sulphate, were within the acceptable limits. 

Nevertheless, the amounts of both total alkalinity and magnesium are above the 

permissible limits set by the Indian Standards. Nevertheless, the WQI values obtained 

in the present study were found to be below 75 for different seasons, suggesting that 

the quality of water was below standard and unsuitable for human consumption. 
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Yadav et al. (2012) examined the hydrological characteristics of the 

groundwater in Agra. A total of 12 sites were utilized to gather water samples over the 

period spanning from February to May. The physicochemical parameters, including 

TDS (1020-4950 mgl-1), EC (1580-5200 m mhos), pH (7.2-7.7), Total Alkalinity 

(330-525 mgl-1), Turbidity (1.1-31.4 NTU), Total Hardness (240-1425 mgl-1), 

Calcium (72-436 mgl-1), Chloride (295-1140 mgl-1), Sodium (126.5-1254.9 mgl-1), 

Magnesium (14.6-151.2 mgl-1), and Potassium (1.9-60.6 mgl-1), were observed to 

exceed the natural background level of groundwater. 

Singh et al. (2013) examined the artificial groundwater recharge zones using 

the geographical information system (GIS) and remote sensing for augmenting 

groundwater resources in the Bist Doab basin of Indian Punjab. The results indicate 

that 15, 18, 37, and 30% of the study sites, respectively, fall under "poor," "moderate," 

"good," and "very good" groundwater recharge categories. The western and middle 

parts of the region have the most possible recharge since high infiltration rates caused 

by the distribution of flood plains, alluvial plains, and agricultural land. The eastern 

and middle parts of the study area have the least effective recharging potential because 

of a low infiltration rate. The findings of the study could be used to create a good 

groundwater management strategy for the long-term, sustainable use of constrained 

groundwater resources. 

Puzari et al. (2015) evaluated the drinking water quality from the Dimapur 

district of Nagaland and the Karbi Anglong district of Assam. Various quality 

parameters, such as hardness, arsenic, alkalinity, fluoride, pH, etc, were determined. 

The findings indicated that the research locations' water quality needs to be improved. 

Additionally, they discovered areas with excessive fluoride concentrations. 

Ebrahimi et al. (2016) investigated the groundwater situation of the Damghan 

basin in Iran by examining various indicators of water quality for drinking as well as 

irrigation purposes and over time quantity depletion. The quantity analysis revealed a 

30.92 million m3 average annual withdrawal rate from this basin, which caused a total 

water level drop of 7.4 million m3 between 1966 and 2010. The roughly 35-fold rise 

in total discharge rates during this time frame indicates that this basin has been 
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overexploited. This overexploitation has therefore caused groundwater quality to 

suffer. Piper and Chadha's diagram analysis of the hydrochemical facies of water 

gathered from sampling wells revealed Na-Cl as the general dominating type of water 

in the study area. During the quality assessment suitability of groundwater was 

assessed for irrigation and consumption. All regions were discovered to contain 

groundwater unfit for drinking as per the standard of the World Health Organization 

(WHO) recommendations. Research on key quality indicators also revealed that 

groundwater's high salinity rendered it unsuitable for agricultural applications. Ionic 

ratio analyses were used to analyze the saltwater intrusion, which was found to be the 

primary cause of the Damghan basin's excessive salinity and declining groundwater 

quality. 

Adhikary and Dash (2017) compared the performance of four interpolation 

techniques. These techniques consisted of two stochastic methods—ordinary kriging 

(OK) and universal kriging (UK)—and two deterministic ones—inverse distance 

weighting (IDW) and radial basis function (RBF). The work aimed to forecast the 

spatiotemporal variation of groundwater depth in the National Capital Territory (NCT) 

of Delhi, India. Groundwater table data from 110 different Delhi sites for the year 

2006, both before and after the monsoon season, were used to conduct an analysis. The 

study revealed that the IDW approach lagged behind the OK, UK, and RBF ones. The 

RMSE (root mean square error) values were observed to be 27.52%, 27.66%, and 

51.11% lower for the OK, RBF, and UK methods, respectively, compared to the IDW 

technique. Additionally, the R2 values were discovered to be 16.12%, 14.21%, and 

21.36% higher for the RBF, OK, and UK methods, respectively, compared to the IDW 

method. 

Njaben (2018) compared different spatial interpolation methods, viz., Kriging, 

Inverse distance weighting (IDW), and Radial basis functions (RBF), for the 

best spatial representation of the level of groundwater in the Salman district, 

Southwest Iraq. Based on a statistical comparison of the interpolation models, it was 

determined that the universal Kriging (UK) method had the lowest root mean square 

error (RMSE) value of 10.65, the lowest mean error (ME) value of 5.365, and the 
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groundwater level shows the highest coefficient of determination (R2) value of 0.981in 

the study area. 

Rao et al. (2018) analyzed the physical and chemical properties of groundwater 

at 30 different well sites throughout the Guntur region, Andhra Pradesh, India. The 

geographical information systems (GIS) and remote sensing techniques were used to 

accurately map the spatial distribution of groundwater quality. Utilizing ArcGIS 10.4, 

the interpolation technique known as inverse distance weighted (IDW) was employed. 

The IDW interpolation method estimated the spatial distribution of groundwater 

parameters, including chlorides, magnesium, carbonates, sodium, bicarbonates, 

sulfates, specific conductivity, hardness, potassium, and pH. This analysis facilitates 

the comparison of many metrics over different years. 

Anand et al. (2020) conducted a spatio-temporal trend analysis using 32 years 

(1984-2015) of data on the depth of the groundwater table in the Bhavani River basin, 

Tamil Nadu, India. A study was conducted on the seasonal fluctuation of groundwater 

levels in 57 tube wells throughout different periods: pre-monsoon (March-May), post-

monsoon (January-February), southwest monsoon (June-September), and northeast 

monsoon (October-December). The trend of the groundwater table was examined 

using Sen's slope estimator and the Mann-Kendall test. The investigation revealed a 

significant decrease in the groundwater table, with an average decline of more than 15 

meters below the ground level. This finding emphasizes the excessive use of 

groundwater. During the southwest monsoon, it was revealed that over 50% of the 

basin had a decrease in the water table, which corresponds to the summer season. The 

study, which conducted a spatio-temporal analysis, suggests the installation of 

rainwater collecting structures in the study region to enhance the replenishment of 

groundwater. 

Bagoria et al. (2020) studied soil parameters in the Sabour block of Bhagalpur 

district. They collected 80 composite surface soil samples from 14 panchayats and 

analyzed their data using the interpolation technique. The results showed that 52.5% 

of soil samples were neutral, while 41.25% were slightly alkaline. The study suggests 
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that normal EC is safe for crops, but low organic carbon levels suggest proper 

management practices. 

Naleo et al.  (2020) studied groundwater quality for drinking purposes at 

Patkai Campus, Dimapur, Nagaland. Eleven samples (Well 1 to Well 

10) were taken to calculate the Water Quality Index (WQI), considering 11 

parameters, i.e., pH, calcium, total hardness, calcium, nitrite, chloride, 

magnesium, sulfate, iron, total dissolved solids, fluoride, and Manganese. Data 

comparison with the second edition of the Bureau of Indian Standards (IS: 10500 

(2012) Drinking Water Specification) was used. The outcome reveals an iron 

concentration over the permitted range. 0.3, meaning that a total of 8 out of 10 wells 

exceed the limit. The greatest values fall between 1.5 and 1.9. Four out of ten 

wells also have considerable turbidity in some samples. The pH reading that does not 

meet the BIS standard is from well No. 10, which shows a pH reading lower than the 

permitted range, ranging from 5.9 to 6.5 to 8.5. The magnesium concentration at well 

No. 10 is higher than the permitted limit of 200, i.e.,307.77. According to the study, 

the area's groundwater requires some sort of treatment before consumption and needs 

to be shielded from contamination risks. 

Chaudhari et al. (2021) examined groundwater quality in the South-West zone 

of Surat City, Gujarat. The Water Quality Index (WQI) was calculated using 

groundwater data gathered from 2006 to 2015 for the Sultanabad water measuring 

station from the website (India-WRIS website). It also makes an approximation of the 

quality of the groundwater for the following ten years. According to the observed WQI 

results, the groundwater was determined to have a respectably high concentration of 

electrical conductivity, Total Dissolved Solids, Chlorine, Sulphate, Nitrate, and other 

contaminants that degrade its quality for drinking and other domestic uses. The 

findings of this study point to the necessity of a concrete improvement in groundwater 

quality achieved by a suitable technique like managed aquifer recharging 

(MAR). According to the findings of this investigation, groundwater quality falls into 

the low category per BIS (Bureau of Indian Standards). 
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Joshi et al. (2021) undertook a patio-temporal analysis of groundwater table 

depths in North Western India. Consistent water table depth data of 4417 wells from 

1974 to 2010 were analyzed, and changes in groundwater levels were mapped using a 

geostatistical interpolation technique for both pre- and post-monsoon seasons. A trend 

filtering approach was applied to the data sets for determining the linear trend and rate 

of water-level change. Study indicated a rapid depletion of ground water storage by − 

32.30 ± 0.34 cubic km and − 24.42 ± 0.34 cubic km for the pre- and the post-monsoon 

period during 2002 to 2010. Spatial heterogeneity in groundwater levels and storage 

was observed, and domain-specific groundwater management strategies were 

suggested 

Krishnan and Sankararajan (2021) conducted a study on water suitability for 

irrigation and household determinations in Padmanabhapuram, district of 

Kanyakumari. For the study, 18 sampling locations were chosen, taking 10 parameters 

into consideration to determine the Water Quality Index (WQI). Twelve sampling 

sites were found to be appropriate for drinking, according to the findings. According 

to the integrated map, 883,417 m2 (46.03%) and 950,704 m2 (49.54%) of the area have 

poor water quality, respectively.  2725 m2 (0.14%) and 7659 m2 (0.4%) were covered 

in excellent and good water quality for drinking purposes. The research area's 3.87 

percent, or 74,336 m2, cannot be used for food or drink. The results showed that 

electrical conductivity and total dissolved solids were more than the permissible limit 

at sampling stations (S14, S15, and S16), whereas there were more residual sodium 

carbonate values at S8.  

Ghoderao et al. (2022) analyzed the quality of the groundwater of Jabalpur 

district, Madhya Pradesh, considering the following parameters: pH, Copper (Cu), 

Electrical Conductivity (EC), Chromium (Cr), Sulphate (SO4), Nitrate (NO3), Iron 

(Fe), Chloride (Cl), Total Hardness (TH), Sodium (Na), and Total Alkalinity 

(TA).  The Water Quality Index (WQI) varies from 17.90 to 176.88 in the study 

area. The WQI rating indicates that sites 1, 3, and 4 are unsuitable for drinking water 

or have low water quality, whereas sites 2 and 5 have excellent drinking 
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conditions. They also suggested that the groundwater in the area with deteriorating 

water quality must be treated before consumption. 

Wang et al. (2023) examined the impact of agricultural activities on 

groundwater dynamics and interaction with surface water in arid regions. It compares 

hydrogeochemical characteristics between irrigated and desert areas, focusing on the 

impact of rapid irrigation agriculture development. Results showed that cultivated land 

area increased by 121.8% between 2000 and 2020, mainly from grassland and bare 

land. Groundwater EC ranges from 786 to 49,400 μS/cm, with weakly alkaline 

properties. Shallow groundwater has a higher EC than other water components. Non-

irrigation areas have greater stable isotopic and EC values, while desert areas have 

more depleted middle groundwater isotopic values. Streamflow and confined water 

are suitable for agricultural irrigation, while phreatic water in the oasis is unsuitable 

for irrigation. The long-term development of irrigation agriculture has led to 

groundwater level decline and salinization, with a strong interaction between phreatic 

and surface water. 

Zavarah et al. (2023) developed a Groundwater Quantity-Quality-based 

Drought Index (GQQI) using multivariate Copula analysis of groundwater quantity 

and quality indicators. The index was applied to evaluate the quantity and quality of 

groundwater in the Lake Urmia basin, with 1084 monitoring wells. The GQQI was 

correlated with SSI, SGI, and SWI drought indices by 88%, 86%, and 61%, 

respectively. The index indicates more severe droughts than other indices, indicating 

the combined effects of groundwater quantity and quality. The multivariate GQQI can 

better represent drought severity and identify severe and extreme conditions than other 

univariate drought indices. 

Gautam and Rai (2024) investigated the issue of groundwater resources in the 

Bist-Doab region of Punjab, India. The Multi-Criteria Decision Analysis (MCDA) was 

applied to analyze and create a detailed map (zoning) to identify the areas where the 

groundwater was abundant and of good quality for drinking and farming purposes. The 

study revealed that the groundwater quality in urban regions was poor and unsuitable 

for drinking purposes. It also revealed that many agricultural areas had groundwater 
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that was moderately good for irrigation purposes. It also highlighted that due to 

increased urbanization, the natural water infiltration had been affected. The study 

recommended sustainable practices in land use and more careful planning to ensure 

clean and adequate groundwater availability for the future. 

2.1.4 Surface runoff 

Surface runoff is a percentage of rainfall that prevents excess water from 

flowing into the surface due to saturated or impervious pores. It is crucial in water 

resources management and planning and is influenced by rainfall duration, intensity, 

and distribution. 

Dube et al. (1991) developed curve numbers for different land uses in a 

Himalayan watershed by trial and error. From the developed curve numbers, 

runoff volume was estimated and compared with the measured data, and the results 

were well within the error limit of 25%, which is acceptable. 

Yu (1998) gave a theoretical justification for the SCS method for runoff 

estimation. The most important presumption of the SCS curve number approach is that 

the actual retention to potential retention ratio and the real runoff to potential runoff 

ratio are equal. However, no theoretical or empirical support has been found for this 

assumption. This work demonstrates that the precise connection between rainfall and 

runoff in the SCS technique can be mathematically calculated with two straightforward 

but reasonable assumptions. 

Mishra et al. (2004) assessed a substantial collection of rainfall-runoff data 

from 234 watersheds of varying sizes in the USA. Reviewed the revised model that 

utilizes the Soil Conservation Service Curve Number (SCS-CN) approach and 

includes the antecedent moisture in the calculation of direct surface runoff. The t-test 

findings and ranking-based grading comparison indicate that the improved MS model 

significantly outperforms the current SCS-CN technique. 

Pandey et al. (2008) offered a technique for calculating direct surface runoff 

from long-duration rainfall that is dependent on the length of the rain and is based on 
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the well-known Soil Conservation Service Curve Number (SCS-CN) approach. 

Analysis of data from five Indian (large, in terms of area) watersheds reveals the 

calculated curve numbers to decrease with the considered duration, showing a 

characteristic value of minimum CN or maximum initial abstraction to occur in a 

watershed for a pre-selected AMC.  Testing the proposed procedure on the separate 

(measured) rainfall-runoff event data sets from the same watersheds suggests the 

satisfactory workability of the method. 

Sharkh (2009) analyzed an un-gauged watershed, using the empirical method 

(Q=CIA) for the estimation of runoff at its outlet, The watershed modeling system 

(WMS) is a comprehensive hydrologic modeling environment that provides a tool for 

all phases of watershed modeling including automated watershed and sub-basin 

delineation, geometric parameter computation, hydrologic parameter computation, 

and result visualization.  

Pandey et al. (2009) evaluated the runoff using SCS-CN and GIS for 

agricultural watersheds. They claimed that a flexible and commonly used technique 

for runoff estimation is the curve number method, sometimes called the hydrologic 

soil cover complex method. This approach considers several significant watershed 

characteristics: soil permeability, land use, and antecedent soil moisture conditions. 

Runoff from the SCS-CN model altered for Palestinian circumstances has been 

estimated in the current work using a traditional database and GIS for the Wadi sued 

watershed in the Dura region of the Hebron district, West Bank. 

Kumar et al. (2010) estimated the volume of runoff for a given rainfall event 

by adopting the SCS-CN method in the Mediterranean watershed. A thorough land 

cover and soil survey was conducted. From this study, it was said that the 

watershed was dominated by the soils, which were coarse in texture with higher 

hydraulic conductivities. The total runoff was greatly influenced by the medium-

textured soils, and the linear formula underreported the runoff generated. 

Muthu et al. (2015) utilized the GIS-based SCS-CN method to estimate the 

surface runoff. The soil characteristics, land use and land cover data, and the seasonal 
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rainfall patterns were analyzed, and the surface runoff depths for different hydrological 

soil groups were determined. The results indicated higher runoff depths in the inner 

part of the block, suggesting the need for water-harvesting structures. The research 

emphasizes the importance of accurate surface runoff estimation for water and land 

management, highlighting the role of engineering and vegetative measures in water 

conservation practices. 

Tailor and Shrimali (2016) estimated the runoff of the Rupen-Khan watershed 

of Meshsana district in Gujarat from 1998 to 2014 by the SCS Curve Number 

method. IRS LISS III data, basin map, and drainage map are used for the generation 

of the land use and land cover (LULC)  map and the hydrological soil group map, 

which is further utilized to assess the curve number and Antecedent Moisture 

Content. The hydrological soil group is identified from the existing LULC map, soil 

infiltration rate, and soil texture. Researchers prepared separate maps of the 

hydrological soil group and curve numbers. This method was found to be suitable for 

ungauged watersheds also. 

Kumar et al. (2017) estimated the rainfall and runoff relationship using the 

SCS-CN method through the GIS approach in the Pappiredipatti watershed of the 

Vaniyar subbasin. The runoff ranged from 169-191 mm (2000-2014), and the 

computed normal, wet, and dry conditions curve numbers were 85.92, 72.8, and 

93.46. The rainfall varied between 410 to 1650 mm.  

Ara and Zakwan (2018) used the modified SCS-CN  (Soil Conservation 

Service-Curve Number) method for estimation of runoff in the eastern canal 

originating on the Sone River, India, occupying an area of 70196 sq. km, 

and evaluated the factors like slope, area of the watershed, and vegetation cover. To 

calculate the antecedent moisture, the daily runoff for the year 2007 was used. The 

total runoff acquired in 2007 was calculated to be 17.98 mm. July, which accounted 

for 39.85% of the total runoff, saw the highest runoff. While the highest was in July 

(45.8 cm), the lowest rainfall documented in 2007 was in April (1.36 cm). The curve 

numbers (CN) I, II, and III were calculated to be 52.58, 72.53, and 85.86, respectively. 
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With the greatest contribution from the monsoon month, the total runoff for 2007 from 

the study area was calculated to be 17.98 mm. 

Gandhi and Patel (2019) adopted the SCS-CN method for the runoff estimation 

for 20 years for the sub-basin of the Rajkot district. Using GIS, different thematic 

maps such as land use/land cover, soil map and slope map, and runoff volume were 

estimated. The runoff for the study area was estimated from June to September. The 

runoff coefficient was calculated using the rational formula and was found to be 

0.06. By using the SCS-CN method, the CN for the watershed was calculated and 

found to be 68.06 under AMC-II, and again, the result by the SCS-CN method is 

compared with the rational formula and runoff coefficient method. After comparing 

the results of both adopted methods, it was concluded that maximum runoff was 

generated in July because of the higher precipitation in all three methods. 

Sharma and Kanga (2020) studied the Sind River Basin, which has an area of 

26207.02 sq. km and is located in the northern part of Madhya Pradesh, India. The 

average annual runoff from the year 2005–2014 was observed as 133.71 mm/year, 

whereas the maximum runoff for the river basin was estimated at 231.43 mm in the 

year of 2009, and the minimum runoff was 32.41 mm in the year of 2006. The average 

annual rainfall observed was 777.07 mm/year, whereas the maximum 

rainfall was 995.16 mm in 2009, and the minimum rainfall was 606.69 mm in 

2006.  Most of the study area was covered by group C of the hydrological soil group. 

Walega et al. (2020) conducted a study on three places that include the coastal 

region of South Carolina, low low-relief watershed in Arkansas, and a high-relief 

watershed of North Carolina for the estimation of peak runoff and storm direct runoff 

using the modified SCS CN method. Empirical formulas were used for the 

determination of maximum retention, which was developed by Chen in 1982, which 

then used to estimate CN. They incorporated antecedent moisture content into the 

Original SCS CN method equation.  This method is found to be unsuitable when the 

swamp and pond adjustment factor, Fp, was taken as 0.72, which is the recommended 

value. 



30 
 

Shrestha et al. (2021) examined the influence of land-use change owing to 

urbanization on surface runoff during the era of fast urban expansion from 1980 to 

2015 in Xiamen, China, using the SCS-CN method. The Landsat images from 1980, 

1990, 2005, and 2015 were classified, and land-use change was analyzed. Results of 

analyses showed a 14.01% decrease in farmland area and a 15.7% increment in the 

built-up area from 1980 to 2015. Surface runoff for the rainfall return periods of 5, 10, 

20, and 50 years was simulated using the GIS-based SCS–CN method. Results showed 

that the highest increase of 10.63% in surface runoff occurred between 1990 and 

2005. With the fast growth in urban development from 1980 to 2015, the amount of 

runoff contributed by built-up land use type increased from 14.2% to 27.9%, which 

showed the effect of urbanization on runoff. The land use and surface runoff 

relationship stated the significant impact of land-use change on the surface runoff of 

the area. 

Raghavan et al. (2022) conducted a study to assess the spatial and temporal 

variations in runoff potential under changing climatic scenarios using geospatial 

techniques in the Northern Part of Karnataka, India. Spatial runoff estimation models 

at the sub-district level were developed, and estimated runoff was validated using 

observed data, and results showed a good correlation (R2=0.90). Results showed that 

the runoff potential ranged from 10 to 20 percent of the mean annual rainfall from 

1951 to 2013. Khanapur subdistrict showed the most rain and runoff potential. Results 

revealed a growing trend in the number of subdistricts falling under the low-rainfall 

category (1100mm). The study also reveals how drought affects rainfall and runoff 

potential; the runoff produced from the maximum portion of the study area was 

Representative Concentration Pathway (RCP) 4.5 and RCP 2.6 scenarios, respectively. 

By the 2080s, the anticipated rise in runoff potential is>30.0% under RCP 8.5, 20.0% 

to 30.0% under RCP 4.5, and 10.0% to 20.0% under RCP 2.6 scenarios, respectively. 

The research indicated quite a high potential for supplemental irrigation, groundwater 

recharge, harvesting, and runoff use for in-situ moisture preservation, which will 

guarantee the long-term viability of the area. 
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Muneer et al. (2022) assessed the runoff in Ratga, an agricultural watershed in 

the Iraqi Western Desert, using the SCS-CN method, geographic information system, 

generalized regression neural network (GRNN), field observation data, and spatial 

data. Spectral reflectance data were used to determine the soil type of the study area, 

and the GRNN model performed admirably in predicting soil type, with a maximum 

absolute error of 8.44% for sand, 14.11% for silt, and 4.15% for clay soil. The results 

of the SCS method showed that CN values for normal conditions range from a low 

value of 70 to a high value of 85. The results of the study found that from 2018 to 

2020, the maximum volume of surface runoff was 4,324,528 m3. 

Kale et al. (2022) estimated runoff using the SCS curve number method from 

the Kudavale micro watershed in the Dapoli Tehsil of Ratnagiri district of Maharashtra 

State. ArcGIS was used to extract the land use land cover map and hydrological soil 

group map; the CN was computed. The land use and land cover maps were created 

from Landsat 8 photos at 30 m resolution. Field-collected soil samples were analyzed 

using the Bouyoucous hydrometer technique to identify the soil texture; hydrologic 

soil group maps were then generated. The land use and land cover map indicated that 

the area under agricultural, forest, barren, and residential categories was 15.42 percent, 

59.90 percent, 21.22 percent, and 3.4 percent, respectively. AMC I, II, and III 

conditions had curve number values of 58.31, 69.68, and 84.36, respectively. 

According to the textural study, the study area contained hydrologic soil group A, C, 

and D types. Runoff estimation was done on 30 years of rainfall data, from 1990 to 

2019, collected and examined. Over 30 years, the average runoff of the watershed was 

1532.27 mm, or 41.15% of total rainfall. 

Akash et al. (2023) estimated the runoff in Nalgoda District, India, a semi-arid 

region facing water scarcity issues. The SCS-CN method was employed with data 

sources of DEM, soil maps, land use and land cover maps, and the daily rainfall data 

(10 years). The study revealed the curve number values for different soil conditions. 

They also stated that the approach was accurate for the calculation of runoff. 

Mujeeb (2023) assessed the surface runoff in the Sanjab watershed in the 

Enjeal district, Afghanistan. GIS 10.4 Environment was used to generate soil, land use, 
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and slope maps. Surface runoff was estimated using rainfall data from 2012 to 2021by 

applying the SCS-CN method. In the year 2019, it was revealed that the highest surface 

runoff volume was recorded at 17,298,885 cubic meters, while in the year 2014, the 

lowest was at 9,061,754 cubic meters. 

Vinutha et al. (2024) assessed the surface runoff in the Kurumballi sub-

watershed in Shivamogga district, Karnataka, India. The surface runoff based on the 

SCS-CN method was evaluated using the land use and land cover (LULC), soil types, 

and rainfall patterns. The study revealed that the total estimated surface runoff volume 

was found to be 21,065,849.7 cubic meters. It also revealed that the study area was 

mostly classified into two hydrological soil groups: B (moderate infiltration) and D 

(poor infiltration).  

2.2 Assessment the impact of climate change on temporal and spatial variation of 

water availability 

Climate change significantly impacts the hydrological cycle, as changes in the 

precipitation and temperature play a key role in disrupting the cycle. It intensifies 

temporal and spatial variations in rainfall, the melting of snow, and water availability.  

Fowler et al. (2007) reviewed the latest advances in downscaling methods for 

the hydrological modeling, connecting to climate change models to impact studies. 

Studies were carried out on the current downscaling literature, investigating new 

development fields, in particular for hydrological impacts. Since the 1990s, there has 

been a thorough assessment of the strengths and weaknesses of different downscaling 

methods. It concluded that many of the impacts of climate change will not be 

demonstrable in the near future (Wilby, 2006). There is a need for decision-making 

tools that are robust to future uncertainties for planning and management. It also 

concluded that for assessing climate change impacts, probabilistic methods seem to 

offer a more promising way.  

Chu et al. (2009) studied the climate change scenarios in the Haihe River, 

China, by statistical downscaling of daily mean temperature, precipitation, and pan 
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evaporation. It found that statistical downscaling techniques successfully bridge the 

gap between local-scale hydrological response and large-scale climate change. Among 

them, SDSM is often used for its simplicity and power. SDSM can also be used to 

accurately simulate T Mean. The findings from H3A2 and H3B2, therefore, have exact 

mistakes in predicting extreme occurrences. Better simulations can be achieved by 

considering the pattern of seasonal change in storms and the quantity of precipitation. 

The total quantity of rain would mostly drop in comparison to the present climate.  

Anandhi et al. (2009) utilized a support vector machine (SVM) to assess the 

role of predictors in downscaling surface temperature to river basins for IPCC SRES 

scenarios in India. For emission scenarios from 1978 to 2100, they ran simulations 

from the third-generation Canadian Coupled Global Climate Model (CGCM3) and 

used the National Centres for Environmental Prediction (NCEP) reanalysis dataset. 

The study discovered that SVM models for downscaling maximum and minimum 

temperatures performed better with land surface predictor variable usage. 

Souvign et al. (2010) found that downscaling the AOGCMs (Atmosphere-

Ocean General Circulation Models) is crucial for transferring climate change 

predictions to local levels. For the linear trends and extreme events, they accurately 

simulated maximum and minimum temperatures. 

Hassan et al. (2013) predicted the future rainfall and temperature values using 

the statistical downscaling models in Peninsular Malaysia. It concluded that on a local 

scale, both the SDSM and LARS-WG models are suitable methods to evaluate the 

effects of climate change. Though SDSM performs better than LARS-WG, it slightly 

underestimates the lengths of wet and dry spells.  

Al-Ghafri et al. (2014) analyzed the future temperature and precipitation 

variations in Muscat, Oman's capital city, using the MIROC general circulation model 

and the LARS stochastic Weather Generator. The results showed significant warming, 

ranging from 0.93ᴼC to 3.1ᴼC, with differences in precipitation projections being more 

significant than consistent warming. The lowest scenario predicted a 36.4% decrease 

in precipitation, while the highest scenario predicted an increase of 9.6% to 12.5%. 
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Further improvement is needed to address the spatial gap between the GCM grid scale 

and the local scale.  

Hassan et al. (2014) examined statistical downscaling models for local 

meteorological variables in Peninsular Malaysia using SDSM and LARS-WG 

approaches. Results showed SDSM performed better than LARS-WG, and both 

models showed a general trend in mean daily temperature readings, despite not 

yielding exact findings. 

Singh et al. (2015) projected the future precipitation and temperature by 

statistical downscaling in the Sutlej River Basin, India. It revealed that a rise in annual 

average TMax, TMin, and precipitation occurred in all scenarios under different 

scenarios for the 2020s, 2050s, and 2080s.  

Saraf and Regulwar (2016) assessed the statistically downscaled weather data 

using the SDSM model in the upper Godavari River basin in India. Future 

precipitation, maximum temperature (Tmax), and minimum temperature (Tmin) were 

projected using two GCMs, CGCM3 and HadCM3. Presented for future periods—

2020s, 2050s, and 2080s—were the changes in Tmax, Tmin, and precipitation under 

scenarios A1B and A2 of the CGCM3 model and A2 and B2 of the HadCM3 model. 

The scatter plots and cross-correlations helped to confirm the dependability of the 

simulation—maximum temperature rises in the future for nearly all the scenarios for 

both GCMs.  

Jaiswal et al. (2016) described the impact of climate change on precipitation 

using the Statistical Downscaling Model (SDSM) in the Tighra Dam Catchment in 

Gwalior and Madhya Pradesh, India. Predictor variables come from the third-

generation Coupled Global Climate Model (CGCM3) simulations of the National 

Centre for Environmental Prediction, or NCEP reanalysis dataset for 1979–2003. 

Cross-correlations are used to verify the dependability of the simulation. 

Gulacha et al. (2017) used the SDSM for the Wali-Ruvu River Basin in 

Tanzania to assess the process of generating localized climate change scenarios for 
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temperature and precipitation. In this instance, ground stations and NCEP reanalysis 

atmospheric data from the United States National Center for Environmental Prediction 

were used. Had CM3 been the GCM employed, with A2 and B2 scenarios applied. 

Results indicated that for the Wami-Ruvu basin, the mean rainfall would change by 

44–107%, 69–328%, and 68–648% during the 2020s, 2050s, and 2080s for the A2 

scenario, while by 37–117%, 56–199, and 76–346% respectively for the B2 scenario. 

From 0.2 to 7.5 °C in the 2020s–2080s time frame, the average monthly maximum 

temperature showed a rising trend. During the same time, the minimum temperature 

fell from- -0.4 to -1.5 °C. 

Jaiswal et al. (2018a) examined Raipur's lowest temperature, which was 

predicted using the Canadian Global Climatic Model (CGCM) predictors for three 

future periods for A1B and A2 climatic forcing circumstances. Using the statistical 

downscaling model (SDSM), the k-fold validation technique has been used to produce 

multi-temporal series for the following periods: FP-1 (2020–2035), FP-2 (2046–2064), 

and FP-3 (2081–2100). The particular humidity at 850 hPa (nceps850gl), the 500 hPa 

geopotential height (ncepp500gl), and the surface airflow strength (ncep_fgl) were 

found to be the most helpful pertinent predictors to combine future scenarios. 

Jaiswal et al. (2018b) studied the climate change assessment of precipitation in 

the Tandula Reservoir system of Chhattisgarh. Future rainfall data forecast under 

SRES of A1B and A2 climatic forcing conditions. Multiple linear relations in 

calibration from 1981–1995 were tested with independent data from 1996–2003 for 

validation. 

Abraham et al. (2018) evaluated the prediction of future runoff conditions 

under a changing climate using the multi-model outputs from CMIP5 over the Lake 

Ziway Catchment in the Central Rift Valley of Ethiopia. Using bias-corrected 

precipitation and maximum and minimum temperature data from HadGEM2-ES, 

CSIROMK-3-6-0, and CCSM4 models under typical concentration paths RCP 8.5 and 

RCP 4.5, future climates were derived. The Soil and Water Assessment Tool (SWAT) 

was used to model future Katar and Meki-river inflows toward Lake Ziway. 

Precipitation fell under the RCP 4.5 and RCP 8.5 projections, but maximum and 
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minimum temperatures rose. RCP 8.5's monthly average precipitation change 

percentage for the HadGEM2-ES model showed extremes from +23.15% in the 2080s 

to -51.19% in the 2050s. While the greatest drop was seen on RCP 4.5 at 17.49% for 

the CCSM4 model, the CSIRO MK-3-6-0 model's annual runoff depth from the Katar 

River dropped by up to 19.45% on RCP 8.5. On RCP 8.5 for the HadGEM2-ES model, 

the Mekong River had a maximum annual drop of 20.28% during the 2080s. Future 

water planning and management depend on ideal water use allocations at all water 

resource development projects, since the River flow in the area will decline in the 

future. 

Rahmat et al. (2021) employed the General Circulation Model (GCM) to 

simulate daily weather patterns for three different concentration pathways (RCP2.6, 

RCP4.5, and RCP8.5) at three time intervals (Δ2030, Δ2050, and Δ2080). The 

researchers specifically investigated how climate change impacts rainfall variability in 

Johor. In addition, a forecast of the annual precipitation pattern for the initial year of 

2030 was also generated. A total of eight locations in Johor, Malaysia, were chosen 

for this study. These sites were selected based on their ability to provide daily rainfall 

data for a period of thirty years, specifically from 1988 to 2017. Only sites with less 

than 10% missing data were included in the selection. Compared to records, it is 

estimated that the average annual rainfall will increase by 17.5%, 18.1%, and 18.3% 

under RCP 2.6, 4.5, and 8.5, respectively. Furthermore, the application of the Mann-

Kendall (MK) test did not reveal any discernible trend for RCP 2.6. However, the RCP 

4.5 scenario showed a significant upward trend in Muar and Kota Tinggi, while the 

RCP 8.5 scenario identified an increasing trend in all regions except Pontian and 

Kluang. The highest amount of future rainfall occurred when greenhouse gas 

concentrations from the RCP 8.5 scenario were utilized. 

Vijayakumar et al. (2021) conducted a study on the investigation of trends in 

yearly rainfall and temperature throughout the coastal region of Odisha. They used 

various CMIP5 models and RCP scenarios to forecast the temporal-spatial variations. 

The results indicated that there was a rising but statistically insignificant trend in yearly 

rainfall across all districts, except for Ganjam. There was a notable rise in both the 
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lowest and maximum temperatures. Future climate forecasts indicate that the annual 

mean rainfall is expected to change within specific ranges over different periods. For 

the near century (2011-2039), the rainfall is projected to vary between 0.1% and 2.2% 

(RCP 4.5), and between -0.3% and 0.7% (RCP 8.5). In the mid-century (2040-2069), 

the rainfall is predicted to range from 1.5% to 3.2% (RCP 4.5), and from 3.6% to 7.9% 

(RCP 8.5). Finally, in the late century (2070-2099), the rainfall is expected to vary 

between 3.7% and 6.6% (RCP 4.5), and between 8.5% and 14% (RCP 8.5). 

Anticipated climate change will have a moderate effect on the total amount of rainfall, 

but it will have a substantial effect on how the rainfall is distributed. Predictions 

indicate that the annual mean maximum temperature will climb by 0.61–0.66°C, 0.68–

0.72°C, and 1.35–1.55°C in the near, mid, and late centuries, respectively, under the 

RCP 4.5 scenario. Under the RCP 8.5 scenario, the temperature is expected to rise by 

1.79–1.97°C, 1.73–2.01°C, and 3.08–3.44°C in the near, mid, and late centuries, 

respectively. Seasonal projections indicate increased fluctuations in temperature and 

precipitation during both winter and summer, as indicated by the RCP scenarios. 

Agriculture is anticipated to be both positively and badly impacted by future climate 

change. Kharif is anticipated to yield more detrimental outcomes compared to Rabi. 

Asif et al. (2023) examined the climatic factors affecting hydrological regimes 

in the region, including surface runoff, groundwater storage, and forested watersheds. 

Extreme events like droughts, floods, wildfires, and changing precipitation patterns 

are causing water supply deficiencies and affecting water flows and quality. The 

region's climate diversity leads to spatial and seasonal variations, with winter being 

expected to be warmer than other seasons, causing earlier runoff and a decline in 

snowmelt. An integrated water resource management approach and climate-induced 

innovative technologies are needed to secure water resources and prepare for future 

challenges. 

Chien et al. (2023) examined the impact of climate mitigation technologies and 

natural resource management on greenhouse gas emissions in China from 1991-2021. 

It finds that renewable energy output, consumption, natural resource rent, and 

depletion negatively correlate with GHG emissions, while industrialization and 
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population growth have positive associations. The research provides guidelines for 

regulators to formulate regulations related to climate change using these technologies 

and effective resource use. 

Syam et al. (2024) examined the significant impact of climate change 

significantly on precipitation, temperature, and hydrological cycles, in the Krishna 

River Basin (KRB), India. The historical data (1961-2005) of rainfall and temperature 

were used to calibrate and validate statistical downscaling model (SDSM) to predict 

the future climate variables under three greenhouse gas concentration scenarios 

(RCP2.6, RCP4.5, and RCP8.5) for the future period of 2011-2100. The results 

revealed that the maximum and minimum temperatures are projected to rise 

throughout the 21st century and also indicated that the RCP8.5 (2071-2100) predicted 

an increase of upto 2.3°C in maximum temperature and 2°C in minimum temperature. 

The study also revealed that the overall rainfall was expected to increase by 32%, 

making the region wetter. It also revealed that monsoon rainfall may increase by 45% 

in high-rainfall areas and 12% in low-rainfall areas.   

2.3 Identify and recommend an acceptable climate change adaptation strategy to 

address water shortage or excess in the near future 

Adapting strategy is the only way to eliminate climate change's impact 

on water resources. A climate change adaptation strategy reduces the adverse 

effects of climate change while maximizing the benefits, which involves 

adjusting policies and actions.  

Mukheibir and Ziervogel (2007) argued that climate-induced impacts on cities 

can only be directly addressed at the municipal level, so solutions that target vast 

numbers of people can be introduced. Therefore, municipal-scale adaptation to climate 

impacts must be considered and coordinated.  

Chaturvedi et al. (2012) employed 18 General Circulation Models (GCMs) 

based on the Coupled Model Intercomparison Project Phase 5 (CMIP5) to forecast 

future temperature and precipitation in India. They included four Representative 
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Concentration Pathways (RCPs) scenarios, namely 2.6, 4.5, 6.0, and 8.5, spanning the 

time period from 1880 to 2099. The study revealed that the average climate projection 

from the CMIP5-based model ensemble was more accurate in representing the 

observed data compared to any individual models. The projected average temperature 

increase in India from the 1880s to the 2080s, as determined by ensemble models, 

ranged from 2°C to 4.8°C. These forecasts were based on the RCP 2.6 and RCP 8.5 

scenarios. The forecast precipitation for India is expected to increase by 6%, 10%, 9%, 

and 14% by the 2080s compared to the base period of 1961-1990 under the scenarios 

RCP 2.6, RCP 4.5, RCP 6.0, and RCP 8.5, respectively. A study has recommended the 

utilization of various climate models to enhance the accuracy of climate projections 

for India. It was recommended to utilize the globally coordinated regional downscaling 

experiment (CORDEX) Regional Climate model (RCM) future climate projections for 

India in order to improve accuracy and provide more precise advisories. 

Olmstead (2013) examined the empirical research on water supply, demand, 

and climate change adaptation currently available for integrated assessment modeling. 

It explores the economic impacts of climate change, the ability of adaptation to 

mitigate these impacts, and the responses of water users to water prices, conservation 

policies, and infrastructure investments. The paper highlights the importance of 

linking existing research with IAMs and the role of water management institutions in 

climate change adaptation. 

Iglesias and Garrote (2015) analyzed European regions' risks and adaptation 

strategies by reviewing 168 publications over the past 15 years. They evaluate 

agronomic and policy measures to develop concrete plans and respond to regional 

challenges. The study suggests that technological change will shape adaptation choices 

in the coming decades. The greatest action is improving adaptive capacity and 

responding to water demands, but implementation requires revamping water policy, 

farmer training, and viable financial instruments. 

Azhoni et al (2017) explored how a nation's ability to adapt to climate change's 

hydrological impacts depends on its water governance institutions. They used India as 

an example, analyzing inter-institutional networks and barriers to adaptation using 
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internet data mining and interviews. The study reveals a disconnect between climate 

change and water, with institutions like the Ministry of Water Resources, Earth 

Sciences, and Agriculture showing lesser involvement. The inter-institutional network 

is centralized, but complex dynamics exist between institutions. Institutional barriers, 

bureaucratic processes, and systemic failures hinder effective inter-institutional 

networks, highlighting the need for more comprehensive institutions in climate change 

adaptation. 

Brown et al. (2019) found that population growth and climate change will pose 

significant challenges for water management in the US. They projected serious water 

shortages in some regions without further adaptation efforts. Current improvements in 

water use efficiency are likely but insufficient to avoid future shortages. Past 

adaptations like reservoir storage have little promise, while stream flow removals and 

groundwater mining can lower shortages but have external costs. 

Anderson et al. (2020) studied climate change, which is expected to 

significantly impact agriculture and food security, with varying impacts across regions 

and crops. As the global population grows, agriculture must adapt to ensure future food 

security. Adaptation strategies include changing land and cropping practices, 

developing improved crop varieties, and modifying food consumption and waste. 

Advances in genomics and agronomy can mitigate climate change impacts, but 

significant investment is needed. Long-term food security depends on the political will 

to reduce fossil fuel burning. 

He et al. (2021) predicted a significant increase in global urban water scarcity 

from 933 million in 2016 to 1.693-2.373 billion by 2050, with India being the most 

severely affected. The number of large cities exposed to water scarcity is expected to 

rise from 193 to 193-284, including 10-20 megacities. Infrastructure investment can 

help alleviate water scarcity in over two-thirds of water-scarce cities, but significant 

environmental trade-offs must be considered. 

Khaniya et al. (2021) discussed the benefits of implementing Eco-based 

Buildings (EbAs) in Sri Lanka, focusing on water management issues. They highlight 
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the benefits of EBAs in water supply regulation, water quality regulation, and extreme 

event moderation. The study recommends EBAs over grey infrastructure-based 

solutions for climate change adaptation in Sri Lanka due to cost-effectiveness, eco-

friendliness, and long-term benefits. The findings will help fill knowledge gaps and 

inform decision-makers and water resources planning agencies for future climate 

change adaptation actions in Sri Lanka. 

Mishra et al. (2021) studied a comprehensive overview of water security, its 

evolution with environmental changes like urbanization and socioeconomic factors, 

and its implications. It presents sustainable solutions to achieve water security, 

ensuring reliable access to safe water for everyone at affordable prices. Despite 

progress in water resource management, implementation remains limited. A 

comprehensive sustainable approach requires connecting social, economic, and 

environmental systems at multiple scales. The paper captures the changing dimensions 

and new paradigms of water security. 

Kılkış et al. (2022) reported that the urgency of mitigating climate change 

presents opportunities for a 43% reduction in greenhouse gas emissions by 2030. 

These editorial reviews 28 research articles on renewable energy systems, energy 

security, transport transformation, system restructuring, biomass upgrading, green 

hydrogen innovations, heat transfer, and sustainable combustion. The special issue 

discusses new catalysts, hybrid reactions, hydrogen fuel cell electrocatalysts, and 

waste heat recovery from granules in concentrating solar power or slags. The 

widespread upscaling of solutions requires an effective approach that involves 

integrated, coordinated, and synergistic action to protect the planet's life-support 

systems. 

Elgendy et al. (2023) reviewed 131 climate change adaptation (CC) studies in 

water resources management, identified gaps, and highlighted the importance of 

systems reoperation in updating reservoir operation curves using optimization 

algorithms. Low-impact development measures were preferred in storm drainage and 

flood mitigation systems. Future research should integrate environmental, social, and 



42 
 

economic aspects and incorporate land use and cover changes. This comprehensive 

review is crucial for improving CC adaptation strategies in water management. 

Bartlett and Howes (2023) reviewed systematically the literature on adaptation 

options and their implementation. They found that there is a cautious approach to 

addressing the growing concern for water quality, with most strategies using coping or 

incremental approaches. However, strategies with low resilience may not be suitable 

for future climate change challenges. 

Jatav (2024) examined the farmers in Bundelkhand and Central Uttar Pradesh, 

using the Livelihood Vulnerability Index (LVI) to compare the levels of vulnerability 

across different districts and assess how socioeconomic factors influence adaptation 

strategies. The data was collected using multistage random sampling from 480 farmers 

across 16 villages, 8 development blocks, and 4 districts. The results revealed that over 

95 of the farmers in Jhansi and 82.5% in Barabanki reported declining rainfall over the 

past decade, and 95% of the farmers in Jhansi reported hotter summers. The LVI 

revealed that the farmers in Jhansi were the most vulnerable, while those in Barabanki 

were the least vulnerable. The study suggested the urgent need for climate adaptation 

measures such as promoting climate-smart agriculture, improving irrigation 

infrastructure, and enhancing access to education and agricultural training to help 

farmers make informed decisions. 

2.4 Assessment of mechanization index and recommend suitable agricultural 

implements under water shortage or excess field situation 

Farm mechanization is a key component of agricultural development. Farm 

productivity is linked to available power, efficient implements, and proper utilization. 

Agricultural mechanization optimizes the use of inputs like seeds, fertilizers, plant 

protection agents, and water for irrigation and promotes poverty reduction by making 

farming a more appealing enterprise. A higher mechanization index (MI) can lead to 

more efficient water usage through advanced farming equipment and practices. 

Singh (2006) analyzed the impact of factors like fertilizer, irrigation, and farm 

power on yield through multiple linear regressions. It was found that irrigation and 
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farm power significantly contributed to increased yield using mechanical and electrical 

energy. The mechanization index (MI) was calculated by comparing the cost of 

machinery used to the total animation and machinery costs. The study found that 

human labor cost remains the largest component in the wheat crop's cultivation cost, 

with an MI of 145%. States with higher mechanization indices had lower cultivation 

costs due to increased yield. 

Rasooli and Ranjbar (2008) analyzed the agricultural mechanization in the 

Sarab Region, Eastern Azarbayjan Province, focusing on the number of tractors, 

machine types, and mechanization capacity. The study found an average 

mechanization level of 0.83 hp/ha, with partial energy expenditure per hectare of 

1.24%, 2.23%, and 96.35%. The study highlighted the importance of machines in 

production but found that most farming operations had low mechanization levels. To 

achieve 1.5 hp/ha, 775 tractors were needed. The study also provided guidelines for 

improving mechanization and increasing farm production. 

Olaoye and Rotimi (2010) assessed the agricultural mechanization levels on 

farms in two Southwest Nigerian states and analyzed their productivity. Factors 

influencing profitability were identified through a structured questionnaire and 

inventory of farm machinery. The Agricultural Mechanization Index was used to 

evaluate mechanization levels and productivity. The average level of mechanization 

was 31.3% in the Ogun and Osun States and 30.6% in the two states. The average 

physical productivity for maize and cassava was 1.2 to 1.7 tons/ha, while for cassava, 

it was about 11.5 tons/ha. The sustainability analysis revealed that the low production 

scale contributed to inconsistent agricultural mechanization policy, a lack of favorable 

conditions for full integration, a lack of essential infrastructure, and financial credits. 

Thebe and Koza (2012) evaluated the current farm power systems in 

Zimbabwean smallholder irrigation schemes and explored agricultural mechanization 

interventions to increase productivity. The study assessed three smallholder irrigation 

schemes across eight administrative provinces, focusing on land preparation and 

harvesting. Conventional tillage and harvesting machinery were found to be 

commercially unsuitable due to the 100m lengths of run in the furrow and border-strip 
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irrigation schemes. Unconventional tillage, such as conservation tillage, offered 

affordable solutions. Modernization of irrigation systems was also recommended to 

limit labor input and farm power requirements. The study's findings are valuable for 

addressing mechanization challenges in the smallholder irrigation sector. 

Chinsango et al. (2013) analyzed the agricultural mechanization levels at two 

wards of Bindura North district in Zimbabwe. The average mechanization was 0.42 hp 

per ha, lower than the standard of 1.5 to 2 hp/ha for optimal productivity. The 

mechanization capacity was 6.8% for the A1 model and 60% for commercial and A2 

farming systems. The level of mechanization was lower than expected at national 

levels, and the lack of a comprehensive national irrigation policy was noted. The 

average production levels of maize and tobacco under the A1 resettlement models were 

significantly lower than elsewhere in the region. 

Jalalzadeh et al. (2016) estimated the effects of the mechanization level index 

using a system dynamics methodology on the mean yield of farm crop products in Iran. 

The methodology involved a 70-year period from 1981 to 2051, with constant 

parameters, logical relations, and statistically estimated functions. The model was 

tested using simulation software, identifying three economic production regions: the 

first from 1.342 kW/ha to 2.013 kW/ha, the second from 2.013 kW/ha to 2.386 kW/ha, 

and the third from 2.386 kW/ha. The maximum profitable point for farm crop 

production was 2.218 kW/ha. 

Pradhan et al. (2016) examined the status and potential of agricultural 

mechanization in Sunsari district, Nepal, focusing on using traditional farm equipment 

and human labor. The research found that agricultural mechanization is at a 

rudimentary stage, with tractors being the primary power source. Tractors reduce labor 

utilization but do not significantly impact crop yield or intensity. Tractor-owned farms 

have higher family incomes due to off-farm activities. Geographic information system 

mapping identified that 96.8% of the total cultivated area can be covered using a 

tractor, and 1.5% can be served with power tillers. However, 1.7% of the area lacks 

efficient operation of tractors and power tillers. 



45 
 

Abbas et al. (2017) assessed the mechanization index (MI) and its impact on 

corn productivity in Pakistani farmers. Results showed that large farmers had higher 

MI and corn yields than small and medium farmers. Factors such as education level, 

ownership status of machines, and external support for agriculture machinery also 

influenced MI. The study suggests that improving farmers' educational levels through 

literacy campaigns and long-term investments in support services infrastructure is 

necessary to increase MI at Pakistani corn farms. 

Bawatharani and Karunarachchi (2017) determined the Mechanization Index 

(MI) of different vegetable crop cultivation in the Bandarawela Divisional Secretariat 

(DS) division. A sample of 100 farmers from five major vegetable cultivation DS 

divisions was collected using a stratified random sampling technique. Primary data 

was collected through questionnaires, personal interviews, and discussions with key 

informants. Secondary data was obtained from relevant articles, government centers, 

and organizations. The study found that cabbage cultivation had the highest MI at 

2.29%, followed by tomato cultivation at 0.5%. The highest power per unit area was 

found in cabbage cultivation. 

Singh and Kumar (2017) assessed the mechanization feasible for the Indian 

condition. A study of 280 farmers in seven districts of Madhya Pradesh found that 

average power availability was 1.80 kW/ha, with mechanical power contributing 80 to 

88%. Farmers received better net returns from wheat production (₹19,591/ha) and 

gram production (₹18,695/ha), with a benefit-cost ratio (BCR) of 1.71 and 1.86, 

respectively. The production function fitted well with a coefficient of multiple 

determinations (R2) of 0.80 to 0.97 across the crops. Human labor was significant for 

soybean and gram production, while machinery and miscellaneous factors contributed 

significantly to wheat and gram productivity. The mechanization index was higher in 

crops like wheat (57.61%) and gram (44%), while it was lower in paddy (40%), 

soybean (40.4%), and maize (43.5%). 

Kalita (2018) studied the extent of agricultural mechanization in Assam. 

Agricultural production is positively correlated with energy input, leading developed 

countries like India to use machines in agricultural activities. However, traditional 
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methods and instruments were used in labor-surplus countries like India, leading to 

labor displacement due to machine use. In Assam, a state in India, farmers, particularly 

educated ones, have developed a tendency to use machines in agricultural activities. A 

field study in five agricultural zones found that small holding sizes and tenancy 

prevalence have not remained constraints for agricultural mechanization. Farmers 

increasingly use machines in plowing and other activities, considering cost factors. 

Barman and Deka (2019) examined the factors affecting farm mechanization 

adoption in the Central Brahmaputra Valley and Upper Brahmaputra Valley Zone of 

Assam, India. Data from 240 sample farms was collected from 2014-15. Factors 

affecting mechanization adoption included age, education level, land holding size, 

access to irrigation, extension agents, high-yielding varieties, and institutional credit. 

Younger farmers preferred mechanization more than older ones. The study found that 

the linkage of extension functionaries at the grassroots level was crucial for promoting 

farm mechanization. 

Haong et al. (2020) evaluated the level of mechanization in lime cultivation 

among 555 lime farmer households in the Mekong River Delta. The results indicated 

that there were just a few machines and equipment use, with the majority being utilized 

for land preparation and tree care. From 2016 to 2019, there was no change in the rate 

of growth and investment in mechanization. The study also suggested possible 

technical remedies for lime cultivation, such as the implementation of mechanization 

for small and medium-sized farms and the inclusion of plant care considerations. It 

was suggested that the quality of lime fruit may be improved by using semi-

mechanized harvesting systems, enhancing storage facilities, and optimizing packing 

methods. 

Raina et al. (2021) studied farm mechanization in the Kangra district of 

Himachal Pradesh. The study showed a net savings of Rs. 4454, 2330, and 658/ha for 

land preparation operations and Rs. 3910, 2347, and 2551/ha for sowing operations. 

Mechanization practices saved 56–67-man days of human labor and 23-35 bullock 

days/ha in major crops. Total added expenses ranged from Rs 10652/ha in maize to 
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13665/ha in paddy. Per hectare, net savings were Rs 8531, 15152, and 5685/ha for 

maize paddy and wheat. 

Singh et al. (2023) assessed a training program on farm mechanization in 2021 

for 120 farmers in Kamrup district, Assam, organized by the ICAR-Central Plantation 

Crops Research Institute in Kahikuchi. The study found that most respondents' 

knowledge levels increased after participating, but there was a significant financial 

problem in purchasing farm machinery among respondents. There was a need for more 

awareness and training programs for rapid farm mechanization in the region. 

Educational qualifications and previous training experience were positively and 

significantly correlated with the respondents' knowledge level. 

Aruna et al. (2024) assessed the mechanization index of sugarcane cultivation 

in Mandya District, Karnataka, India, focusing on the efficiency of farm machinery 

usage in different operations. The data which included land holdings, machinery use, 

farm operations, and energy requirements, were collected from 50 farmers on a random 

selection and the mechanization index was evaluated. The results revealed that the 

study area comprised of 30% marginal farmers, 40% small farmers, 26% semi-medium 

farmers, and 4% medium farmers. It also revealed that the total mechanization index 

in sugarcane cultivation was found to be 50.5%, with semi-medium farmers having the 

highest index at 51.85%. The mechanization index was highest for seedbed preparation 

(98.46%) and irrigation (97.37%) while it was zero for planting and harvesting due to 

manual operations and lack of equipment.  
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CHAPTER 3 

MATERIALS AND METHODS 

This chapter deals with the description of the research and techniques 

employed in the study undertaken in two stages. In the first stage, the Agricultural 

Water Availability Index (IAWA) was developed and the impact of climate change on 

temporal and spatial variation of water availability was assessed. Based on the 

outcome of the first stage of the study, the second stage was designed to recommend 

suitable agricultural implements under less water availability situations after assessing 

the mechanization index. A detailed methodological framework to achieve the 

outcome of the aforementioned objectives of the present study is presented in Fig 3.1.  

The materials and methods employed in the research are presented under the 

following main headings: 

3.1 To develop an agricultural water availability index for assessing the current 

situation of water availability in the study area. 

3.2 To assess the impact of climate change on temporal and spatial variation of water 

availability in the study area. 

3.3 To identify and recommend an acceptable climate change adaptation strategy to 

address water shortage or excess in the near future. 

3.4 To assess mechanization index and recommend suitable agricultural implements 

under less water availability. 
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Fig 3.1 A methodological framework of the present study 

Stage 1: Development of Agricultural Water Availability Index (Objective 1) 

Data Sources 

• Rainfall 

• Soil moisture 

• Groundwater 

• Surface runoff 

Recommendation of Suitable Implements 

• Suitable implements under less water 

availability for hilly and plain regions 

Field Survey & Data Collection 

• Questionnaire based on Nordic format 

• Selection of 101 Respondents 

Site selection 

(Kohima & 

Dimapur districts) 

Stage 4: Assessment of Mechanization Index (Objective 4) 

Selection of Climate Models and 

Scenarios 

• CanESM2 GCM 

• RCP4.5 and RCP8.5 

Comparison of CWR with IAWA 

• Crop diversification, scheduling 

• Adaptation on Water-saving techniques 

Crop Water Requirement (CWR) Estimation 

• Identification of Major Crops 

• CROPWAT 8.0 FAO Penman Monteith 

method  

 

Stage 2: Assessment of Climate Change Impact on Water Availability 

(Objective 2) 

Computation of IAWA 

• Equation for water 

availability (depth of 

rainfall + soil moisture+ 

groundwater – runoff) 

 

Downscaling Procedure 

• Setup of SDSM 

• Predictor screening 

• Calibration 

• Validation 

• Synthesis of baseline data 

Future Projections 

• Generate rainfall 

and temperature 

scenarios for 

2018-2038, 2059-

2039, 2060-2080 

and 2081-2100 

Stage 3: Climate Change Adaptation Strategy (Objective 3) 
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3.1 Site selection 

The present study was conducted in two districts, viz. Kohima and Dimapur 

districts, Nagaland (Fig 3.2). 

Kohima covers a geographical area of 1,595 sq. km, with approximately 490.5 

sq. km covered by forests, 7 sq. km classified as barren and uncultivable land, and a 

net sown area of 138.88 sq. km. The primary agricultural practices in the district 

include wet rice cultivation and jhum cultivation (Anon1, 2016). Dimapur, on the other 

hand, covers 927 sq. km, with 379 sq. km consisting of plain area. The district has a 

net cultivable area of 503.25 sq. km, while 281 sq. km is categorized as non-cultivable 

land. Falling within the humid subtropical agro-climatic zone (ACZ), and primarily 

follows a mono-cropping system (Anon1., 2016). 

Given that Dimapur is largely composed of plains, whereas Kohima is 

characterized by hilly terrain, the study area has been selected to capture the 

contrasting agricultural and geographical features of these districts. 

3.1.1 Geographical identity of the study area 

 Geographically and climatologically, Kohima district is located at 25°31′21′′N 

and 25°54′30.06″N latitudes and 93°54′17′′E to 94°16′4′′E longitudes and has a high-

altitude of 1261 m above the mean sea level (msl) (Belho and Rawat., 2023). It is the 

state capital and one of the oldest districts of Nagaland. The population of Kohima 

district, as recorded in the 2011 census, is 267,988, which comprises 138,966 males 

and 129,022 females. Kohima has a literacy rate of 85.23%, higher than the national 

average of 74.04%. It is on a lofty slope, with the town meandering around the crests 

of the adjacent mountain ranges (Anon2., 2023). Topographically, based on the agro-

ecological situation, the district has three distinct regions, viz. AES-I (Below 1000 m), 

AES-II (between 1000-1500 m), and AES-III (Above 1500 m) (Anon1., 2016). 

The Dimapur district lies between 25°48′N and 26°00′N latitudes and 93°30′E 

and 93°53′E longitudes and has an average altitude of 260 m above the mean sea level 

(msl) (Neog, 2025). Most of the Dimapur district is situated in low-lying areas 
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(Anon2., 2023). The city is renowned as a "mini-India" due to its diverse population 

of individuals from many regions. According to the 2011 census report, the population 

of Dimapur district is 379,769. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 3.2 Location of the study area (Kohima and Dimapur) 
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3.1.2 Soil and climate 

The soils of the Kohima district have been classified into different groups based 

on fertility status. Due to a high degree of weathering of acidic parent material under 

a humid climate with strong and heavy rainfall, a major portion of the district has 

strongly acidic soils (42.6%), followed by moderately (30.7%) and very strongly acidic 

soils (20.9%) (Anon1., 2016). The soils have been derived from the tertiary group of 

rocks, and red clay soil is the most predominant type of soil found in the district 

(Anon3., 2013). Kohima district has a milder variation of a humid subtropical climate. 

It has a nice, temperate climate, mild winters, and pleasant summers. December and 

January are the coldest months, with frost and sometimes snowfall at higher elevations. 

The temperature rises to 32ºC during the peak summer and reaches 2ºC in winter. It 

experiences heavy rainfall during monsoon, and its average annual rainfall is 2500 mm 

(Jongkor et al., 2022).  

The soils of the Dimapur district are derived from the tertiary group of parent 

rocks, sandstones, mudstone, shale, and siltstone. The soils are generally acidic, very 

rich in organic carbon, and poor in available phosphate and potash content. The soils 

are fertile and can be categorized into alluvial and residual Soils (Anon4., 2019). The 

climate in Dimapur district is hot and humid during the summer (reaching a maximum 

of 40°C, minimum of 10°C, and humidity up to 93%) while the winter months are cool 

and pleasant. The average annual precipitation in the district is around 1504.7 mm 

(Jongkor et al., 2022).  

3.1.3 Land use land pattern 

Land use encompasses a range of human activities and diverse land 

applications for domestic and economic objectives. Land cover encompasses natural 

flora, water bodies, rocks, and soil. Since land use and land cover are closely linked, 

both the term can be used interchangeably. However, land cover frequently affects land 

use.  

Since Kohima district is located in a hilly area, land for building infrastructure 

or farming is limited. The land area is experiencing strain due to ongoing upgrades and 

construction projects, as well as the relocation of the people to the capital. Conversely, 

Dimapur district has less geographical area and a high population density. The plain 

tract in this hilly state is unique since it contains railways, an airport, and a thriving 
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commercial industry. As a result, it is more prone to unregulated land use despite its 

limited size.  

Water resources 

The Dimapur district comprises two major rivers: Dhansiri and Diphu.  The 

district is blessed with numerous perennial sources consisting of the tributary system 

of Chathe River, Zubza River, Dhansiri River, and Diphu (Anon1., 2016).  

The Kohima district is primarily served by four main rivers: Dhansiri, Dikhu, 

Doyang, and Zungki. Additionally, the Doyang River has significant tributaries, 

including the Chubi River and the Nzhu River, which originates from the Nerhema 

area of Kohima district (Anon3., 2013). 

3.1.4 Status of agriculture 

Agriculture in the Kohima district mainly revolves around wet rice terrace 

cultivation and jhum (shifting cultivation). The primary crops grown include rice, 

maize, potatoes, and various vegetables such as chilies. Fruits like papaya, passion 

fruit, guava, and other tropical fruits are also cultivated. Most of the farmers rely on 

traditional methods, especially jhum, for growing rice and other cereals. Modern 

agricultural techniques, such as using high-yield seeds, fertilizers, and advanced plant 

protection methods, are either minimally used or completely absent. As a result, there 

is very little use of chemical fertilizers and pesticides, making the region well-suited 

for organic farming. As per the Department of Agriculture, the Government of 

Nagaland, the district’s climate is ideal for growing a variety of crops, including 

strawberries, passion fruit, cabbage, squash, and a wide range of flowers, making it a 

promising area for organic agriculture. 

Rice is the main crop grown in the Dimapur district, cultivated through rain-fed 

farming, terrace farming, and irrigation systems. Jhum (shifting cultivation) is also 

practiced in higher elevations. Maize is the second most important crop in the region. 

Among pulses, the major ones grown in the Dimapur district include peas, pigeon peas 

(arahar), black gram, and lentils. These are cultivated during both the kharif (monsoon) 

and rabi (winter) seasons. Mustard is the primary oilseed crop, while other oilseeds 
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like soybeans, sunflowers, and linseeds are also grown. Additionally, sugarcane and 

tea are important commercial crops in the Dimapur district. 

Farm mechanization lags in the study area due to fragmented land, low capital 

investment capacity, a lack of technical knowledge, undulating topography, etc. The 

agricultural sector uses a limited number of tractors and power tillers. However, 

manual plows and sprayers are common in the area. 

3.1.5 Tools and data used in the study 

After data collection, the data were transferred to a computer and compiled. 

Further, processed in ArcGIS 10.5, SDSM 4.2.9, CROPWAT 8.0, and MS Office 365 

software packages were used for analysis of raw data. The daily rainfall data for 18 

years (2003 to 2020) for six rain gauge stations, i.e., Kohima, Dimapur, Jalukie, 

Wokha, and Phek, were collected from the Department of Soil and Water 

Conservation, Government of Nagaland, Kohima. The MODIS (Moderate Resolution 

Imaging Spectroradiometer) data products of LST (Land Surface Temperature) and 

NDVI (Normalized Difference Vegetation Index) were obtained from the NASA 

website (earthdata.nasa.gov). The secondary data on groundwater depth (2004-2019) 

and quality data (2020) were collected from the India WRIS (Water Resource 

Information System). Specifically, ArcGIS 10.5 was used for the spatial interpolation, 

visualization and analysis, and mapping of rainfall, soil moisture, groundwater, and 

surface runoff data. The statistical downscaling model (SDSM) software was used to 

assess the impacts of local climate change using a robust statistical downscaling 

technique. CROPWAT software was used to analyze the crop water requirement of 

the six major crops (rice, potato, sugarcane, soyabean, maize, and chilli) and help 

determine the optimal amount of water needed for crops, which can improve crop 

productivity. The MS Office suite was utilized for statistical analysis, documentation, 

and presentation purposes. 

3.2 To develop an agricultural water availability index for assessing the current 

situation of water availability in the study area 
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Agricultural water availability is a function of surface and groundwater 

quantity and quality. The proposed agricultural water availability index can be denoted 

as IAWA and is supposed to incorporate available information on water availability from 

sources, viz., rainfall, soil moisture, and groundwater, with their quality consideration. 

The analysis can be performed monthly on a spatially distributed grid of 30 x 30 m for 

the study area in a GIS environment. In general, the expression for this index is 

represented in terms of available water depth from the above-mentioned sources. 

Therefore, to achieve the goal of objective one, the Agricultural Water Availability 

Index (IAWA) is estimated using the following equations given below, as suggested by 

Ahmad (2011). 

Vij = VSij                                              (3.1) 

Where, 

Vij is the total depth of water from all available sources in ith pixel during jth 

month. 

Further, VSij is given as: 

VSij = Pij + SMij + G𝑖𝑗 − Rij                                    (3.2) 

Where, 

VSij  is the algebraic sum of weighted water depths of rainfall, soil moisture, 

groundwater, and runoff in ith pixel during jth month.  

P is the depth of water available from rainfall, mm. 

SM is the available soil moisture, mm. 

R is the depth of surface runoff, mm. 

G is the groundwater depth, mm. 
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After solving the equation and determining the depth of available water in each 

pixel, the next step was determining the maximum and minimum water depth in the 

grid cells. The relative water depth value in each pixel can be calculated using the 

normalization technique in Equation 3.3.  

IAWA,ij = 
Vij− Vmin

Vmax−Vmin
                                         (3.3) 

Where, 

Vij is the total depth of water for the ith pixel in jth month. 

Vmax is the maximum water depth.  

Vmin is the minimum water depth. 

The normalization value ranges between 0 and 1, where the maximum water 

depth can be represented as 1 and the minimum water depth as 0. The advantage of 

this method is its simplicity for comparative purposes because it transforms all the 

values to a range from 0 to 1, and hence, the comparison among different time windows 

and spatial extents of the area under consideration can be made. 

The resulting value of IAWA was assessed for long-term changes using the non-

parametric Mann-Kendall (M–K) trend test. The M–K test evaluates whether a time 

series has a statistically significant monotonic increase or decrease without assuming 

normality. It computes a rank-based statistic (Kendall’s S and standardized Z) under 

the null hypothesis of no trend. This test is widely used in climatology and hydrology 

because it is distribution-free and robust to outliers or skewed data (National Center 

for Atmospheric Research Staff, 2014). A significant positive Z (p < 0.05) indicates an 

increasing IAWA trend (more water availability over time), and a significant negative Z 

indicates a decreasing trend (growing water deficit). By using M–K (instead of, e.g., 

linear regression), we avoid biases due to non-normality or serial correlation. This 

approach is standard in climate studies and has been applied to rainfall and drought 
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indices in India to infer water-resource trends. Mann-Kendall test statistic S is 

calculated using the given equation (Mann, 1975; Kendall, 1975; Yue and Pilon, 2004) 

For a time series 𝑥1, 𝑥2,. . . . . ., 𝑥𝑛, the MK test statistic S is defined as: 

 𝑆 = ∑ ∑ 𝑠𝑔𝑛(𝑥𝑗 − 𝑥𝑖)
𝑛
𝑗=𝑖+1

𝑛−1
𝑖=1                (3.4) 

Where the sign function is: 

 𝑠𝑔𝑛(𝑥𝑗 − 𝑥𝑖) =  { 

+1 𝑖𝑓 (𝑥𝑗 − 𝑥𝑖)  >  0

0   𝑖𝑓 (𝑥𝑗 − 𝑥𝑖)  =  0

−1 𝑖𝑓 (𝑥𝑗 − 𝑥𝑖)  <  0

              (3.5) 

A positive value of S indicates an increasing trend, while a negative value indicates a 

decreasing trend. 

The variance of S is calculated to account for tied values (equal observations) 

in the series: 

𝑉𝑎𝑟 (𝑆)  =  
𝑛(𝑛−1)(2𝑛+5)−∑ 𝑡𝑝(𝑡𝑝−1)(2𝑡𝑝+5)

𝑚
𝑡=1

18
              (3.6) 

Where, 

𝑛 is the number of observations. 

𝑥𝑗  𝑎𝑛𝑑 𝑥𝑖 are the observations value in the time series i and j (j>i), respectively. 

m is the number of tied groups. 

𝑡𝑝 is the number of data points in the p-th tied group. 

The standardized form of the statistic is: 
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 𝑍 =  

{
 
 

 
 

𝑆−1

√𝑉𝑎𝑟(𝑆)
 𝑖𝑓 𝑆 > 0

0 𝑖𝑓 𝑆 = 0
𝑆+1

√𝑉𝑎𝑟(𝑆)
 𝑖𝑓 𝑆 < 0

                 (3.7)

  

The standardized statistic Z follows a normal condition: 

Z > 0: upward trend, 

Z < 0: downward trend, 

If ∣Z∣ > Zα/2 : trend is statistically significant at the chosen confidence level. 

At a 95% confidence level, the critical value is 1.96; at 99%, it is 2.58. 

Finally, we classified each year as dry, normal, or wet based on a percentile 

threshold method using Equation 3.8 and 3.9 (Subash and Mohan, 2011; IMD, 2017). 

If X is the set of ordered annual values (n years total): 

25th percentile: 𝑃25 = 𝑋[0.25(𝑛+1)]               (3.8) 

75th percentile: 𝑃75 = 𝑋[0.75(𝑛+1)]               (3.9) 

Classification rule: 

Dry year: X < 𝑃25 

Normal year: 𝑃25 ≤ X ≤ 𝑃75 

Wet year: X > 𝑃75 

3.2.1 Estimation of water availability  



59 
 

Rainfall, soil moisture, groundwater, and surface runoff are the major sources 

of water in a catchment area. Therefore, water from these sources is estimated to get 

accurate data. 

3.2.1.1 Rainfall 

The distribution of rainfall is crucial for comprehending hydrological 

processes. The global shift in climate is causing significant alterations in rainfall 

patterns, making it imperative to research hydrological processes for effective water 

resource management. Understanding rainfall distribution is crucial, and spatial 

interpolation is a key parameter in hydrological modelling. 

For the determination of the agricultural water availability index (IAWA), six 

rain gauge stations were selected from the state. The rain gauge stations are located in 

Kohima, Sechu, Dimapur, Jalukie, Wokha, and Phek. The secondary data on daily 

rainfall for 17 years (2003 to 2020) were collected from the Department of Soil and 

Water Conservation, Government of Nagaland, Kohima. Then, the daily rainfall data 

were computed into year-wise monthly averages using Microsoft Excel 2010. After 

the computation, the rainfall data of the selected rain gauge stations were analyzed 

using the Inverse Distance Weighting (IDW) interpolation technique. The IDW was 

developed by the U.S. National Weather Service in 1972 and is classified as a 

deterministic method (Feng Wen et al., 2012). The IDW is based on the concept of 

Tobler’s first law (the first law of geography) from 1970. It is based on the assumption 

that objects are more similar when close to one another and is explicitly implemented 

through IDW interpolation. The IDW relies on the measured values close to the 

forecast location when predicting a value for any unmeasured location. The measured 

values nearest to the projected location will influence the predicted value more than 

those measured values farther away. Therefore, the IDW assumes that each measured 

point has a local influence that decreases with distance. The points closest to the 

prediction location are given more weight than those farther away. To estimate the 

location of so, the following Equations 3.10 and 3.11 are used: 

Z∗(s0) = ∑ λi
N
i=1 Z(si)                                        (3.10) 



60 
 

Where, 

Z∗(s0)  is the value to estimate for the location of (s0). 

N is the number of sample points measured and will be considered in the 

prediction. 

λi is the weight assigned to each measured point we will use. These weights 

will decrease with distance. 

Z(si) is the observed value at the location. 

The weight is determined by using the following empirical relation: 

 λi = di0
−p
/∑ di0

−p∑ λi
N 
i=1

N
i=1 = 1                        (3.11) 

In order to regulate the impact of known points on the interpolated values 

depending on their distance from the output point, the IDW function in GIS was 

utilized for IDW interpolation with a modest weighting value (4). The purpose of 

interpolation in this research was to analyze the study area's spatial distributions and 

evaluate the rainfall measurement in the uncovered area.  

3.2.1.2 Soil moisture  

Soil moisture is crucial in the water cycle since it regulates the rainfall that 

seeps into the ground, runoff the land, or evaporates. The measurement or estimation 

of soil moisture from remotely sensed data has significantly advanced due to its 

distinct capacity to monitor extensive regions with recurrent coverage over a lengthy 

period. 

The MODIS (Moderate Resolution Imagery Spectroradiometer) data products 

of LST (Land Surface Temperature) and NDVI (Normalized Difference Vegetation 

Index) have been used to estimate the spatial and temporal changes in soil moisture 

status in the study area. The tiles of MODIS products were acquired through the NASA 

website (earthdata.nasa.gov). The two types of MODIS data products included the 16-
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day composite daily surface reflectance (MOD09A1) to derive NDVI and the daily 

surface temperature (MOD11A2) of 2011 at 1km resolution.  

NDVI provides information about the growing states and conditions of 

vegetation on the ground, and LST reflects a particular state of soil moisture. 

Combining the two can establish a potential relationship to reveal land surface 

moisture. A schematic description of the relationship referred to as the ‘Universal 

Triangle’ is shown in Fig 3.3. The upper envelope of the trapezoid, A–C, representing 

the dry condition, was called the “warm edge”—the upper limit of surface temperature 

for a given vegetation cover. The "cold edge" was the lower limit of the trapezoid, B-

D, matching the well-watered state. The LST and NDVI data were merged to create an 

index for spotting soil moisture following the idea shown in Figure 3.3. Defined in a 

scatter plot, a soil moisture index (SMI) was based on the pixel location in the LST-

NDVI space. Moreover, the SMI values of 0 at the "warm edge" and 1 at the "cold 

edge" were set. The SMI for a given pixel E (Ts, NDVI) in the LST-NDVI space was 

calculated as the ratio between line M–E and M–N (Zhan et al., 2004). 

 

    

 

 

 

 

Source: Chauhan 2003 

Fig 3.3 The scatterplot in LST-NDVI space and the definition of SMI 
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Based on an empirical parameterization of the link between LST and NDVI, 

the soil moisture index is calculated using Equations 3.12, 3.13, and 3.14 as follows 

(Mallick et al., 2009): 

SMI = (
LSTmax − LST)

(LSTmax − LSTmin)
⁄                              (3.12) 

Where, 

LSTmax and LSTmin are the maximum and minimum surface temperatures for 

a given NDVI and LST.  

LSTmax = a1 ∗ NDVI + b1                                          (3.13) 

LSTmin = a2 ∗ NDVI + b2                                         (3.14) 

Where, 

a1, a2, b1, and b2 are the empirical parameters (a present slope and b present 

intercept) that define the warm and cold borders of the data, as determined via 

linear regression. 

3.2.1.2.1 Normalized difference vegetation indices  

The NDVI is a vegetation index that allows mapping the relative healthiness 

of the biomes (Wang et al., 2003). The NDVI is calculated by Equation 3.15 as 

follows: 

NDVI =
RNIR−RRED

RNIR+RRED
 or 

(band2−band1)

(band2+band1)
                          (3.15) 

Where, 

RNIR and RRED are the surface bidirectional reflectance values for their 

respective bands. Here, the values of band 1 and band 2 are 645 nanometers 

(nm) and 858 nm, respectively. 
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The annual monthly NDVI and LST for 2011 are calculated using Equations 

3.12, 3.13, and 3.14 to calculate SMI. Positive values of the NDVI imply dense and 

excellent vegetative cover, whereas negative values reflect no vegetation or very little 

vegetation. NDVI values range from -1 to 1. The surface temperature, expressed in °C, 

is represented by LST readings. The result is available in a range of values from 0 to 

1, where values around 1 represent areas with lower levels of plant cover and surface 

temperature. These characteristics suggest that the surface has a higher soil moisture 

level and poor infiltration. The regions with significant plant cover and surface 

temperatures have values near 0, indicating low soil moisture content and enhanced 

soil surface infiltration capability. 

Due to the large volume of remote sensing data analysis, the soil moisture was 

calculated for an average wet year. The average wet year was selected from the 

analysis period according to the Food and Agriculture Organization (FAO) 

recommendations (FAO, 2010).  

3.2.1.3 Groundwater  

Groundwater is a vital water resource that can be tapped whenever water is 

needed. Assessing the quantity and quality of groundwater reserves may lead to more 

important future decision-making and the subsequent implementation of any requisite 

regulations. The secondary data of groundwater depth (2004-2019) and quality data 

(2020) were collected from the India WRIS (Water Resource Information System) 

website (https://indiawris.gov.in). The WRIS platform was established by the Ministry 

of Jal Shakti, Government of India, to facilitate informed decision-making and conduct 

studies related to water resources planning and management. WRIS is an online 

platform created and maintained by the Government of India. The WRIS website 

provides a user-friendly design and clear documentation of its data sources and 

gathering processes. Given the scarcity of data for the study area, the WRIS platform 

can potentially address this issue (Pathak et al., 2024).  

The groundwater level (m) data was computed into mean monthly values in 

MS-Excel 2010. The groundwater level was interpolated using the IDW technique in 

https://indiawris.gov.in/
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GIS to develop the groundwater level maps. The interpolated surfaces depict 

groundwater depths varying between 4.4 m and 5.6 m below ground level across 

Kohima and Dimapur districts. Because these depths are substantially greater than the 

effective crop-root zone (0.3 – 1.0 m), the upward capillary flux from groundwater to 

the root zone is negligible. Modeling studies by Gao et al. (2017) and Kroes et al. 

(2018) demonstrate that upward contribution from groundwater sharply decreases 

beyond 2 m depth, while Zhu et al. (2018) found that when the groundwater table lies 

deeper than the capillary rise limit, its direct supply to soil-moisture storage becomes 

insignificant. Although groundwater data were spatially analyzed to understand depth 

variability, the mean groundwater level (4 – 6 m bgl) is beyond the crop-root zone. 

Therefore, Gᵢⱼ was assumed negligible in the IAWA computation. 

The evaluation of water quality for the study is explained in the sub-sections. 

3.2.1.3.1 Water Quality Index (WQI)   

In this study, four parameters were chosen to calculate the water quality index 

(WQI). The WQI is a dimensionless number whose values fall between zero and one 

hundred. It is a highly sophisticated scoring system that conveys the overall state of 

water quality, ranging from outstanding to good to poor. The recommendations for 

drinking water quality criteria set by the World Health Organization (WHO) were used 

to determine the water quality index (Table 3.1). The water quality index was 

estimated by adding together each sub-index value of each groundwater sample as 

follows from Equations 3.16 to 3.19 (Ramakrishnaiah et al. 2009; Sadat Noori et al. 

2014). 

WQI = ∑SIi                                                             (3.16) 

Where, 

WQI is the water quality index. 

𝑆𝐼𝑖 is the sub-index of 𝑖𝑡ℎ parameter. 

Further, 
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𝑆𝐼𝑖 = 𝑞𝑖 × 𝑅𝑊𝑖                                                          (3.17) 

Where, 

𝑆𝐼𝑖 is the sub-index of 𝑖𝑡ℎ parameter. 

𝑞𝑖 is the sub-rating based on the concentration of 𝑖𝑡ℎ parameter. 

𝑅𝑊𝑖 is the relativ6e weight of 𝑖𝑡ℎ parameter. 

n is the number of parameters. 

Further, the quality rating is calculated by Equation 3.18. 

𝑞𝑖 =
𝑐𝑖

𝑠𝑖
× 100                                                     (3.18) 

Where, 

𝑞𝑖 is the quality rating for the 𝑖𝑡ℎ parameter. 

𝑐𝑖 is the concentration of the 𝑖𝑡ℎ parameter of the groundwater sample. 

𝑠𝑖 is the permissible standard for the 𝑖𝑡ℎ parameter set by the WHO. 

Further, the relative weight (𝑅𝑊𝑖) is calculated by Equation 3.19. 

R𝑊𝑖 =
𝑤𝑖

∑ 𝑤𝑖
𝑛
𝑖=1

⁄                                                  (3.19) 

Where, 

R𝑊𝑖 is the relative weight. 

𝑤𝑖 is the assigned weight of each parameter. 

𝑛 is the number of parameters. 

The assigned weight for each parameter is mentioned in Table 3.2. 

Table 3.1 Classification of groundwater quality by WQI (based on WHO, 2011 

guidelines) 

WQI Type of Water 

0-50 Good 

55-65 Moderate 

65-70 Poor 
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70-75 Very Poor 

>75 Unfit for drinking 

Source: Ramakrishnaiah et al. 2009; Sadat Noori et al. 2014 

Table 3.2 Relative weight of each parameter with its units and BIS standards 

Parameter Units BIS Relative Weight 

(Wi) 

pH  6.5-8.5 0.145 

Electrical Conductivity (EC) Micro 2500 0.004 

Nitrate (NO3) mg-1 45 0.003 

Fluoride (F) mg-1 1-1.5 0.823 

   ∑𝑊𝑖 = 1 

Source: BIS 10500:2012 

3.2.1.4 Surface runoff 

To estimate the surface runoff from each grid cell, the SCS curve number 

method (U.S. Soil Conservation Service, 1986) has been used in this study. The runoff 

depth was calculated by using Equation 3.20. 

Q =
(P−0.2)2

(P+0.8S)
                                                 (3.20) 

Where,  

Q is the runoff depth (mm). 

P is the rainfall (mm). 

S is the initial abstraction and is given by Equation 3.21: 

S =
25400

CN
− 254                                              (3.21) 
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Where, 

CN (Curve Number) represents the curve number.  

Curve Number (CN) is a dimensionless parameter, and its value ranges from 1 

(minimum runoff) to 100 (maximum runoff). The method analyses observed CN (or 

runoff) variation between events based on basin factors, initially explained as “AMCs” 

or Antecedent Moisture Conditions (Heggen, 2010). AMCs are defined in Table 3.3. 

Table 3.3 Classification of Antecedent Soil Moisture Condition (AMC) 

AMC Group Soil characteristics Total 5-day antecedent rainfall(mm) 

  Dormant season     Growing season 

I Dry condition Less than 13 Less than 36 

II Normal condition 13-28 36-53 

III Wet condition  > 28 > 53 

Source: Handbook of hydrology. Soil Conservation Department, Ministry of 

Agriculture, New Delhi; 1972  

  Soils may be classified into four Hydrologic Groups (A, B, C, and D) in Table 

3.4 as defined by SCS soil scientists, depending on infiltration, soil classification, and 

other criteria. 

Table 3.4 USDA-SCS soil classification 

Hydrological 

Soil 

Type of Soil Runoff 

Potential 

Final 

Infiltration 

Rate 

(mm/hr) 

Remarks 

Group A Deep, Well-

drained sands and 

gravels 

Low >7.5 High rate of 

water 

transmission 
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Group B Moderately deep, 

well-drained with 

moderately fine to 

coarse textures 

Moderate 3.8-7.5 Moderate rate 

of water 

transmission 

Group C Clay loams, 

shallow sandy 

loam, soils with 

moderately fine to 

fine textures 

Moderately 

high 

1.3-3.8 Moderate rate 

of water 

transmission 

Group D Clay soils that 

swell significantly 

when wet, heavy 

plastic, and soils 

with a permanent 

high water table 

High <1.3 Low rate of 

water 

transmission 

Source: Handbook of hydrology. Soil Conservation Department, Ministry of 

Agriculture, New Delhi; 1972.  

The study area soils belong to Hydrologic Soil Group C (HSG-C), and the 

dominant LULC categories are forest, agriculture, built-up, wasteland, and 

waterbodies. CN values corresponding to AMC-II were taken directly from the 

handbook; AMC-I and AMC-III were derived using the standard SCS conversion 

equations given in Appendix IV. Composite CN values for Kohima and Dimapur 

districts were obtained by weighting the class CNs by their respective areal 

proportions. A merged CN for the combined study area was further derived by 

weighting the district composites by their total areas. The values used in this study are 

presented in Table 3.5. 
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Table 3.5 Class-wise Curve Number (CN) values for Hydrologic Soil Group 

(HSG) - C soils under different Antecedent Soil Moisture Conditions (AMCs)  

LULC HSG-C CN 

(AMC-

I) 

CN 

(AMC-

II) 

CN 

(AMC-

III) 

Forest (woodland) Good condition (dense 

canopy + litter) 

59.48 77.00 89.89 

Agriculture 

(cultivated, straight-

row) 

Good condition (normal 

tillage, >20% cover) 

66.64 82.00 92.56 

Built-up (mixed 

residential) 

Lawns + impervious 

streets 

81.59 91.00 96.68 

Wasteland 

(barren/sparse cover) 

Poor vegetation cover 81.59 91.00 96.68 

Waterbodies (open 

water) 

— 100.00 100.00 100.00 

Source: Handbook of hydrology. Soil Conservation Department, Ministry of 

Agriculture, New Delhi; 1972.  

3.3 To assess the impact of climate change on temporal and spatial variation of 

water availability in the study area 

To fulfil the goal of the second objective, water availability from rainfall was 

determined under climate change scenarios, as rainfall is the main contributor to water 

availability. The effect of climate change on water availability is greatly influenced by 

two parameters, i.e., rainfall and temperature. Many researchers have revealed that 

rainfall and temperature are crucial physical elements that govern the environmental 

conditions of a region and also have a significant impact on agricultural productivity 

(Singh et al., 2013; Pathak et al., 2014; Sharma et al., 2021). Therefore, modeling the 

relationship between rainfall and temperature is a crucial aspect of understanding 

climate change scenarios. 
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 The daily rainfall and temperature (maximum and minimum) data of Kohima 

and Dimapur rain gauge stations for a period of 17 years (2003-2020) have been used 

as the baseline period to predict the future rainfall at a span of 20-year periods, i.e., 

2018-2038, 2039-2059, 2060-2080, and 2081-2100. The process of simulated rainfall 

for future projections is explained in the following subsections.  

3.3.1 General Circulation Model (GCM) 

 The present study utilized the output of the General Circulation Model (GCM) 

of CanESM2 (second-generation Canadian Earth System Model), developed by the 

CCCMA (Canadian Centre for Climate Modeling and Analysis) (Mahdaoui et al., 

2023). The CanESM2 model has been downloaded from the Canadian Climate Data 

and Scenarios website (https://climate-scenarios.canada.ca/). The CanESM2 model 

has been widely used and proven in the projection of precipitation and temperature 

trends in various regional climate studies (Gebrechorkos et al., 2019; Seng et al., 2021; 

Javaherian et al., 2021; Chim et al., 2021; Sami et al., 2024).  

3.3.2 Representative Concentration Pathways (RCPs) scenarios 

The Representative Concentration Pathways (RCPs) are concentration 

pathways used in the Fifth Assessment Report of the Intergovernmental Panel on 

Climate Change (IPCC AR5). These pathways represent the recommended levels of 

greenhouse gas and aerosol concentrations, as well as land use change, that align with 

the general outcomes commonly utilized by the climate modeling community. The 

IPCC has defined four distinct RCP scenarios based on the level of radiative forcing. 

These scenarios outline alternative paths for carbon dioxide emissions and the 

resulting atmospheric concentration throughout the 21st century (Vurren et al., 2011). 

The four scenarios consist of a low-emission scenario (RCP2.6), two intermediate 

scenarios (RCP4.5 and RCP6.0), and one scenario with very high emissions (RCP8.5).  

The present study utilized the climate change scenarios RCP4.5 and RCP8.5, 

which were obtained from the Canadian Climate Data and Scenarios website 

(https://climate-scenarios.canada.ca/). The RCP4.5 depicts a scenario in which 

https://climate-scenarios.canada.ca/
https://climate-scenarios.canada.ca/


71 
 

rigorous measures are taken to stabilize the energy absorbed by the Earth's atmosphere 

by the year 2100. This results in a moderate rise in mean global temperatures. In 

contrast, RCP8.5 represents a high-emission scenario devoid of climate mitigation 

measures, leading to a substantial increase in temperatures and an escalation in the 

frequency and intensity of extreme climate events (Moss et al., 2010).  

3.3.3 Statistical Downscaling Model (SDSM) 

The SDSM is a decision support tool developed by R.L. Wilby and C.W. 

Dawson. It is a weather generator commonly used to simulate climatic data for a 

specific station, taking into account both present and projected scenarios influenced 

by climate change. The SDSM utilizes the multiple linear regression approach. The 

purpose of this model is to forecast long-term climate characteristics, such as rainfall, 

for specified locations using daily data for calibration (Liu et al., 2017). The step-by-

step procedure using the SDSM is summarized further. 

The National Center for Environmental Prediction (NCEP) predictors relate 

the strength of each predictor-predictand relationship, and the calibration and 

validation step involves the establishment of statistical relationships between the 

selected predictors and the surface predictand (Gagnon et al., 2005). The NCEP 

reanalyzed dataset is a daily time series from 1961 to 2000, including 26 large-scale 

weather factors. The variable number, abbreviation, and description of the 26 GCM or 

NCEP weather factors are presented in Appendix-I. In this process, simulation of 

observed data was done with predictors from the NCEP re-analysis data, while for the 

future periods, i.e., 2018-2038, 2039-2059, 2060-2080, and 2081-2100, GCM 

CanESM2 with RCP4.5 and RCP8.5 scenarios have been used.  

The observed daily rainfall (mm) and temperature (maximum and minimum in 

˚C) data for the time period of 17 years (2003-2020) were put in separate text files and 

saved in the prescribed (*.dat) format for input in the SDSM model. Before 

downscaling, a check was made to ensure the correct date ranges, type, and integrity 

of all input data. The CanESM2 model has model years consisting of 365 days, 
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therefore, the default year length was set to 365 days. The “Standard Start Date” for 

the present study is taken as 01/01/2003, and the “Standard End Date” as 31/12/2020. 

The advantage of SDSM is that it reduces the task of statistically downscaling 

daily weather series into five discrete processes: (i) screening of predictor variables; 

(ii) model calibration; (iii) synthesis of observed data; (iv) generation of climate 

change scenarios; (v) diagnostic testing and statistical analyses. 

3.3.3.1 Screening of predictor variables 

The screening function has been used to filter predictors. It is the most 

important step in the whole process of statistical downscaling. Screening variable 

operation is applied to select efficient large-scale predictors from the set of NCEP 

reanalysis data based on scatter plots, correlation matrix, partial correlation, and p-

value (Mahmood and Babel, 2012; Saraf and Regular, 2016). The main purpose of the 

‘Screen Variables’ operation is to assist the user in the choice of appropriate 

downscaling predictor variables.  

After the selection of the large-scale predictor, the selected predictors from the 

reanalysis data NCEP and observed rainfall data (predictand) are used to establish the 

statistical relationships for the study area. 

3.3.3.2 Model Calibration and Validation 

The primary goal of the model calibration process is to determine a study area 

parameter set that best matches the simulated and observed rainfall during the 

calibration period and to compute multiple linear regression equations (forced entry 

method). The model structure was specified as monthly, and the process as conditional.  

The regression model parameters are written to a standard format file (*.PAR) and 

derived using Narula and Wellington's efficient dual simplex algorithm (1977). The 

SDSM stochastically reproduces the distribution of model residuals using the standard 

errors. A pseudo-random number generator produces values from a normal distribution 

with a standard deviation equal to the calibration standard error, following the 

approach of Sirois et al. (1981). Every day, this stochastic residual is added to the 
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deterministic component to increase the downscaled series's variance to fit more 

closely with daily observations. At last, the calibration algorithm shows the proportion 

of explained variance and standard error for the monthly regression model to suggest 

the strength of deterministic forcing. Model calibration is done using the observed 

rainfall data from 2003-2020; validation uses data from 2010-2020.  

3.3.3.3 Synthesis of observed data  

The ‘Synthesize’ operation is used to generate ensembles of synthetic daily 

weather series given by the daily observed atmospheric predictor variables. The 

procedure allows for the synthesis of artificial time series for later impact modeling as 

well as the verification of calibrated models—ideally using independent data. A .PAR 

file is chosen that includes related regression model weights and references to all 

required .dat files—both predictand and predictors. The period of record to be 

synthesized is also stated, together with the preferred number of ensemble members. 

Synthetic time series are finally written to a designated output file (*.OUT) for later 

analysis. 

3.3.3.4 Statistical analysis for model performance 

The coefficient of determination (R2) for both the Kohima and Dimapur 

stations during the calibration was used to evaluate the performance of the SDSM 

following Mahmood and Babel (2013). The general equation of the coefficient of 

determination (R2) is given below. 

1.  Coefficient of determination (R2)  

The Coefficient of determination is used to show the accuracy of the model in 

predicting data. The coefficient of determination (R2) is presented in Equation 3.22. 

𝑅2 =
∑(𝑋𝑖−𝑋

′)∗(𝑌𝑖−𝑌
′)

∑(𝑋−𝑋′)2∗(𝑌−𝑌′)2
                                                      (3.22) 

The value of R2 explains the correlation between observed and downscaled 

values and lies between 0 and 1, where 0 indicates poor and 1 for the best. 

3.3.3.5 Generation of climate change scenarios   
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The ‘Generate’ scenario operation creates ensembles of synthetic daily weather 

series given by the observed daily atmospheric predictor variables provided by a GCM 

(either for current or future climate experiments). Except for the model dates, the 

process is the same as the 'Synthesize' operation in all respects. The climate change 

data is generated by selecting the RCP4.5 and RCP8.5 scenarios and saved into 

specified (.OUT) output files. Here, the selection of the analysis future period, i.e., 

2018-2038, 2039-2059, 2060-2080, and 2081-2100, taking 20-year intervals, depends 

on the observed data.  

3.4 To identify and recommend an acceptable climate change adaptation strategy 

to address water shortage or excess in the near future 

To fulfill the third objective, the potential major crops were identified in the 

study area. Then, the crop water requirement for the major crops was evaluated using 

the CROWAT 8.0 software. The CROPWAT is a decision support tool designed by the 

Land and Water Development Division of the Food and Agriculture Organization 

(FAO). It is a software application designed to compute the water needed for crops and 

irrigation. It uses data on soil, climate, and crop characteristics to calculate the crop 

water requirements.  

The climate data, such as the maximum and minimum temperature, rainfall, 

relative humidity, wind speed, and sunshine hours, were obtained from the Department 

of Soil and Water Conservation, Government of Nagaland, Kohima. The soil and crop 

data were collected from the guidelines for estimating irrigation water requirements 

(IWRs), the Ministry of Irrigation, Government of India (1984), and the FAO. Further, 

the crop water requirement was converted to the same index as IAWA for a better and 

easier comparison. The relative climate change adaptation options were proposed 

based on the findings of this study. 

3.4.1 Computation of crop water requirement 

In the present study, the CROPWAT 8.0 model has been used to compute crop 

water requirements. The water requirement may be defined as the quantity of water, 
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regardless of its source, needed by a crop or diversified pattern of crops in a certain 

period for its normal development under field conditions at a place. 

The CROPWAT model determines the crop water requirement using the crop 

coefficient and reference evapotranspiration. The crop evapotranspiration (Etc) is 

given in Equation 3.23 (Sinha et al., 2024).  

𝐸𝑇𝑐 = 𝐾𝐶 × 𝐸𝑇𝑂                   (3.23) 

Where, 

 𝐸𝑇𝑐 is the crop evapotranspiration. 

 𝐾𝐶 is the crop coefficient. 

 𝐸𝑇𝑂 is the reference evapotranspiration. 

3.4.1.1 Reference Evapotranspiration 

The CROPWAT 8.0 model uses the FAO Penman-Monteith formula for the 

computation of evapotranspiration of reference crops. Several methods exist to 

determine reference evapotranspiration (ETo), and the Penman-Monteith (P-M) 

method has been recommended as the appropriate combination method to determine 

ETo from climatic data (Pawar et al., 2021).  

The reference evapotranspiration (ETo) was calculated by the FAO Penman-Monteith 

method, using decision support software –CROPWAT 8.0 developed by FAO, based 

on FAO Irrigation and Drainage Paper 56 (FAO56). FAO56 adopted the P-M method 

as a global standard to estimate ETo from meteorological data (Allen et al., 1998; Allen 

et al., 2007). Climatic parameters used for the calculation of ETo were latitude, 

longitude, and altitude of the station, maximum and minimum temperature (˚C), 

maximum and minimum relative humidity (%), wind speed (km/day), and sunshine 

hours. 

The Penman-Monteith equation integrated into the CROPWAT program is 

expressed by Equation 3.24 (Pawar et al., 2021). 

𝐸𝑇𝑂 =
0.408 ∆(𝑅𝑛−𝐺)+𝛾

900

𝑇+273
𝑈2(𝑒𝑎−𝑒𝑑)

∆+𝛾(1+0.34)
               (3.24) 

Where, 

 𝐸𝑇𝑂 is reference crop evapotranspiration, mm day-1. 

  𝑅𝑛 is net radiation at the crop surface, MJ m-2 day-1. 

 𝐺 is soil heat flux, MJ m-2 day-1. 
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 𝛾 is psychrometric constant, kPa ˚C-1. 

 𝑇 is the average air temperature, ˚C.  

 𝑈2 is windspeed measured at 2 m height, m s-1. 

𝑒𝑎−𝑒𝑑 is vapor pressure deficit, kPa. 

∆ is the slope of the vapor pressure, kPa ˚C-1. 

3.5 To assess mechanization index and recommend suitable agricultural 

implements under less water availability 

Farm mechanization is essential for the efficient use of inputs, which enhances 

production and productivity by reducing labor-intensive tasks associated with 

agricultural operations. In India, farm mechanization has advanced significantly, but 

for various reasons, its implementation has not been uniform across all states. The 

degree of mechanization is very low, particularly in the northeastern states, and there 

are several reasons behind this. The growth of the farm equipment sector in these states 

has been limited by factors such as steep topography, high transportation costs, lack of 

state financing, financial restraints owing to socio-economic conditions, and a shortage 

of agricultural machinery. The farm power available in Nagaland is 0.73 kW/ha, which 

is way below the National average of 2.02 kW/ha.  

Therefore, considering the facts, it is advocated to assess the mechanization 

index in the study area, which would help the researchers to recommend some 

agricultural implements and machines for the mechanization of the agricultural sector 

in the state under less water availability situation. The assessment procedure of the 

mechanization index is explained under the following sub-sections. 

3.5.1. Preparation of questionnaire 

A questionnaire was prepared in order to collect data about the demographic 

information of farmers, types of crops grown, production, and machinery used in the 

study area. The questionnaire is given in Appendix-II. The questionnaire was 

developed with the help of a standardized Nordic questionnaire (Kuorinka et al., 

1987).  

The questionnaire is prepared in two parts. In the first part of the questionnaire, 

demographic information such as nature of the appointment, the present age of the 

respondent, gender, working habit (right-handed or left-handed), educational 
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qualification, ethnic group, stature, weight, work experience, hours of work per day 

and per week, was included.  

The second part of the questionnaire comprised the number and type of crop 

grown, hand tools/implements used, animal-drawn implements used, power-operated 

implements used, price and availability of modern tools and implements, after-service 

facility of the agricultural implements/machines, and benefits of the agricultural 

implements. 

The questionnaire was examined through test-retest analysis for reliability, and 

the correlation of items was made with physical examinations for validity.  

3.5.2 Selection of subjects  

Before the selection of the subjects, a meeting was conducted with progressive 

farmers, Gram Pradhan (Gaon Buras), officials from the Department of Agriculture, 

Government of Nagaland under Dimapur and Kohima districts, and Krishi Vigyan 

Kendra, and explained the aim and objectives of the study.  

For the selection of the subject, a survey was carried out among the farmers/users 

of implements based on the number of crops grown and the land held by the farmer. 

In total, 101 farmers, including males and females in the age group of 18–60 years, 

with a minimum of 3 years of experience, were selected randomly for the study. The 

farmers who volunteered to make themselves available were accepted as subjects.  

3.5.3 Method of data collection 

The survey procedure was explained in detail to the farmers. Meetings with the 

farmers were conducted in the community hall to explain the purpose of the study.  The 

farmers who were convinced about the purpose of the study and gave consent to 

cooperate with the study were considered for the collection of data.  

Before starting the interview, the content of the questionnaire was discussed 

with the subjects/respondents. Each subject was interviewed individually in a face-to-

face interview in a homely atmosphere. First, demographic information was collected. 

The questionnaire was translated into the Nagamese dialect. To prevent 
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comprehension difficulties, the interviewer read the question to the subject, and the 

answer was filled in one by one.  

3.5.4 Mechanization Index assessment 

Recognizing the economic impact on farming, the mechanization index 

approach has been calculated as suggested by Singh (2006). The empirical relation for 

assessment of MI is given in Equation 3.25: 

MIij =
CMij

(CHij+CAij+CMij)
                                                      (3.25) 

Where, 

MIij is the mechanization index of ith crop in jth district. 

CMij is the cost of use of the machine in ith crop in jth district. 

CHij is the cost of human labor in ith crop in jth state. 

CAij is the cost of use of animal labor in ith crop in jth district. 
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CHAPTER 4 

RESULTS AND DISCUSSION 

The study's empirical findings have been given in this chapter and divided into 

four categories based on the study's objectives. The first section analyzes water 

availability from different components to develop an Agricultural Water Availability 

Index (IAWA) for the present scenario. The second segment focuses on analyzing the 

impact of climate change on temporal and spatial variation of water availability for 

future scenarios. The third section is to identify and propose a viable climate change 

adaptation strategy to effectively manage water scarcity or surplus in the near future. 

The fourth objective is to evaluate the mechanization index and provide appropriate 

agricultural equipment for situations with limited water supply. 

4.1 Development of an Agricultural Water Availability Index (IAWA) for the 

present scenario  

Agriculture is Nagaland's primary source of employment and revenue, 

accounting for 25% of the state's gross domestic product (GDP) as per the Nagaland 

Economic Survey 2023-2024. However, the State utilizes only a minor portion of its 

potential cultivable land and harnesses only a fraction of its available renewable water 

resources. In addition, there has been a lack of research on the potential of land and 

water resources in the State, particularly in rural areas, especially Kohima and 

Dimapur districts, despite their significant importance. Therefore, an index has been 

developed that evaluates the agricultural potential by considering water availability 

from various sources such as rainfall, soil moisture, surface runoff, and groundwater. 

The index is a significant instrument for promoting sustainable water management in 

agriculture by facilitating the equilibrium between water supply and agricultural 

requirements. 

4.1.1 Rainfall 

Rainfall is the main form of precipitation in the study area. Rainfall data on a 

daily time scale were acquired for the stations of interest located in the study area. The 
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average annual or seasonal rainfall at a place needs to give sufficient information 

regarding its capacity to support any decision-making process, so keeping that in mind, 

six rain gauge stations have been selected. The daily scaled data was summed up, and 

a monthly depth of rainfall was calculated for each rain gauge station from 2003 to 

2020, as shown in Table 4.1. 

Table 4.1 shows the monthly average rainfall (mm) of the selected rain gauge 

stations. The monthly average rainfall varies across the stations; the maximum rainfall 

was observed in the monsoon season, i.e., from May to September, where Wokha 

station recorded the highest monthly rainfall in July (458.75 mm), while the minimum 

rainfall was observed in the winter season, i.e., from November to February where 

Dimapur station recorded the lowest monthly rainfall in December (3.56 mm).  

Table 4.1 The monthly average rainfall (mm) of the selected rain gauge stations 

(2003-2020) 

Month Rain gauge stations  

Kohima Dimapur Sechu Wokha Jalukie Phek 

Jan 15.57 4.49 15.08 15.95 6.74 10.48 

Feb 20.41 9.95 27.97 24.81 12.78 16.64 

Mar 49.49 21.68 53.36 46.81 37.05 45.60 

Apr 94.23 70.36 132.75 136.78 106.15 115.46 

May 279.30 105.53 202.75 215.22 141.40 177.25 

Jun 270.95 172.44 269.19 380.99 252.73 248.41 

Jul 353.79 166.56 305.45 458.75 258.16 302.71 

Aug 322.16 164.79 293.02 377.52 277.16 245.02 

Sep 254.90 128.78 228.12 360.54 193.46 192.62 

Oct 142.41 103.97 130.66 153.76 126.52 150.64 

Nov 17.53 12.29 21.73 22.58 17.59 21.71 

Dec 11.74 3.56 12.86 11.44 9.44 10.25 
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For the spatial distribution of monthly rainfall, the Inverse Distance Weighting 

(IDW) technique was applied across the study area. The IDW function in GIS was 

utilized for the interpolation with a modest weighting value (4) to regulate the impact 

of known points on the interpolated values, depending on their distance from the output 

point. The purpose of interpolation in this study was to analyze the study area's spatial 

distributions and evaluate the measurement in the uncovered area. The spatial analysis 

interpretation shown in Table 4.2 revealed that minimum rainfall was received in 

January, February, and December, while maximum rainfall was observed in June, July, 

and August. The month of July received the highest rainfall (556.33 mm), and the 

month of December received the lowest rainfall (3.56 mm). A similar finding was 

reported by Kusre and Singh (2012a), noting that Nagaland experienced higher levels 

of rainfall in July (528.6 mm) and lower levels in December (27.8 mm).  

Table 4.2 The maximum and minimum rainfall (mm) received during each month 

(2003-2020)  

Month Max rainfall Min rainfall 

Jan 16.52 4.49 

Feb 14.43 9.94 

Mar 42.03 21.68 

Apr 106.11 70.36 

May 188.79 105.53 

Jun 379.45 172.44 

Jul 556.33 166.55 

Aug 456.85 164.82 

Sep 376.28 128.77 

Oct 135.18 103.97 

Nov 23.19 13.42 

Dec 10.18 3.56 
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A spatial distribution map of monthly mean rainfall (mm) from 2003 to 2020 

in the study area from January to June is shown in Fig 4.1. During January and 

February, the study area had comparatively low rainfall, with most of the area 

receiving less than 50 mm of rainfall. In January, most of the region encounters rainfall 

below 10 mm; however, in February, rainfall ranges from 10 to 50 mm. Starting in 

March, there is a discernible escalation in rainfall ranging from 50-100 mm. The 

eastern part of the study area has a greater level of rainfall intensity in comparison to 

the western part. During April, rainfall levels continue to rise, resulting in a wider 

distribution of locations receiving 50-150 mm of rainfall. The middle and eastern parts 

of the area have elevated rainfall levels, suggesting a transition towards the more 

humid season. In May, rainfall distribution becomes more concentrated, receiving 100-

250 mm of rainfall. The central part of the study area exhibits the greatest rainfall, 

receiving up to 300 mm. During June, the study area has the highest amount of rainfall, 

known as the pre-monsoon or early monsoon season. The majority of the region 

receives a rainfall range of 150-350 mm, with the highest rainfall occurring in the 

central and northeastern parts, occasionally surpassing 350 mm of rainfall. 

During the month of July, there is a substantial amount of rainfall seen 

throughout the study area, with a considerable chunk getting between 200-450 mm of 

rainfall. In August, there is a continuation of the pattern of intense rainfall, with large 

regions experiencing rainfall amounts ranging from 250 to 500 mm. During 

September, the rainfall diminishes significantly, although the area still encounters 

substantial rainfall, with quantities varying from 150-450 mm. During the month of 

October, there is a significant decrease in rainfall, with the majority of regions 

obtaining a range of 50-150 mm. The western and central portions of the study area 

receive a considerable amount of rainfall, whilst the remaining areas of the region have 

lower levels of rainfall. In November, the amount of rainfall reduces even more, with 

most of the region receiving less than 50 mm of rainfall. During the month of 

December, there is very little precipitation over the entire study area, receiving less 

than 10 mm of rainfall. This reveals that the dry season will persist, with minimal 

rainfall as the area transitions into the winter season. 

 



83 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 4.1 Spatial distribution map of monthly mean rainfall (mm) from 2003-2020 in the study area (Jan-Jun)
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From Fig 4.1 and 4.2, the rainfall regime in the study area shows marked spatial 

variability due to differences in topography and elevation between the two districts. 

Dimapur, situated in the western plains at ~260 m elevation, records comparatively 

lower annual rainfall (≈ 1,500–1,800 mm) with strong concentration during the 

southwest monsoon months (June–September). The district often experiences intense 

short-duration rainfall events that can trigger localized flooding, followed by 

prolonged dry periods during winter (Nagaland PSC Notes, 2022). In contrast, 

Kohima, located in the central to northeastern highlands at ~1,261 m, receives 

significantly higher rainfall, averaging ≈ 2,500 mm annually, due to orographic uplift 

effects. Rainfall here is more evenly distributed across the monsoon period, with 

monthly totals frequently exceeding 300 mm in July and August. While this reduces 

flood risk compared to Dimapur, the steep slopes of Kohima intensify soil erosion 

hazards (Lalmalsawmzauva et. al., 2020). 

 It has been revealed that the central and northeastern parts of the study area 

encompass the hilly terrain of Kohima district, resulting in increased rainfall due to 

the ascent and cooling of moist air masses over the mountains. The southwestern part 

of the map encompasses the Dimapur district, which is located at a lower altitude and 

has relatively lower levels of rainfall. A similar study was conducted by Sema et al. 

(2017); they reported that the hilly terrain of Kohima enhances rainfall due to 

orographic lifting, unlike the flatter Dimapur region. The variation in rainfall patterns 

in Nagaland between July and December was influenced by several interrelated 

factors, such as the topography of the region, which plays a crucial role. The hilly 

terrain significantly affects rainfall distribution, due to which the northern areas 

receive more rainfall during the monsoon season (July) compared to the eastern and 

western parts, which experience a shift in rainfall patterns by December, receiving less 

precipitation (Kusre and Singh, 2012b).  
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Fig 4.2 Spatial distribution maps of monthly mean rainfall (mm) from 2003-2020 in the study area (Jul-Dec)
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4.1.2 Available soil moisture storage 

The available soil moisture of the study area was determined according to the 

procedure outlined in section 3.2.2. The monthly satellite images of the Normalized 

Difference Vegetation Index (NDVI) and Land Surface Temperature (LST) of the 

study area were acquired from the National Aeronautics and Space Administration 

(NASA) website for 2011, as this year was observed as an average wet year for the 

analysis period (FAO, 2010). The mean annual rainfall in the study area that occurred 

during 2011 was noted as 824.48 mm. This amount of rainfall occurred at a 50 percent 

probability of exceedance, and according to the FAO recommendations, any year that 

receives rainfall at a 50 percent probability of exceedance is an average wet year; the 

details of this analysis can be found in Appendix-III. The results of the monthly soil 

moisture index map of 2011 indicate that the soil moisture index was in the range of 0 

to 1 and was classified in four color gradients. As per the index, “1” represents a higher 

presence of water or moisture, and “0” indicates minimum moisture content, such as 

in dry areas.  

During the months of January to March, the predominant colors in the area are 

blue and violet, which signify a low level of soil moisture as shown in Fig 4.3. This 

presumably refers to the dry season, during which there is less precipitation, leading 

to reduced water availability and, thus, low soil moisture. Particularly, the central and 

southeastern parts of the map have high levels of soil moisture, indicated by the yellow 

to red color. In April, there is a significant rise in soil moisture levels in some parts of 

the areas, indicated by a change in color from yellow to red. This increase is 

particularly noticeable in the southeastern half of the region. This phenomenon may 

be attributed to the commencement of the pre-monsoon period, during which early 

rainfall or increased humidity leads to an augmentation in soil moisture. The central 

and southern parts of May exhibit a notable abundance of high soil moisture levels. 

This could correspond to the zenith of the pre-monsoon season or the initial monsoon 

precipitation, which thoroughly saturates the soil in these regions. In June, there is a 

significant expansion of high soil moisture levels (shown by yellow to red color) across 

a large portion of the map, indicating extensive accumulation of moisture resulting 
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Fig 4.3 Spatial distribution map of monthly soil moisture of average wet year (2011) in the study area (Jan-Jun)
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from higher rainfall during the monsoon season. This signifies the onset of the wet 

season, during which the soil moisture reaches its highest level.  

In July, there is a notable abundance of elevated soil moisture in the southern 

regions, as shown by the yellow to red coloration in Fig 4.4. This indicates that the 

area is experiencing significant precipitation during the peak monsoon season, 

resulting in soil saturation. In August, there has been a notable expansion of areas with 

higher soil moisture levels, particularly in the central and northeastern part of the study 

area. This phenomenon is most likely caused by the influence of the monsoon, which 

enhances the availability of water over a wider expanse. In September, there is a 

comparable trend to August, where there is a large region with high levels of soil 

moisture. However, certain places, particularly in the northwest, begin to exhibit lower 

soil moisture levels (shown by the blue color), signaling the start of the post-monsoon 

drying phase. In October, there is a discernible decline in soil moisture throughout the 

region, particularly in areas indicated by blue and violet colors. This signifies the 

withdrawal of the monsoon and the commencement of the dry season. Nevertheless, 

several areas, especially in the southern part of the study area, continue to maintain 

significant levels of moisture, either as a result of lingering water from the monsoon 

season or localized precipitation. In November, the drying trend persists, with a 

majority of the region exhibiting reduced moisture levels. This is in line with the dry 

season, during which there is a drop in availability, resulting in lower soil moisture 

that reflects the normal conditions of the dry season.  

The analysis indicated that over 50 percent of the region experienced a 

moisture deficit during the winter season, as seen by the majority of the area having 

values near 0. This observation aligns with the pattern of rainfall in the study area. 

Additionally, the data indicated that the southern part had greater soil moisture levels 

compared to the western part, which can be attributed to the higher elevation of the 

southern part in the study area. The reason for this is that the southern part 

encompasses the Kohima region, which is characterized by a mountainous and 

undulating terrain (Belho and Rawat, 2023).  While the western part encompasses the 

Dimapur region, which contrasts with the rough terrain by consisting largely of flat 

land with warmer and humid soil (Nienu, 2024).
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Fig 4.4 Spatial distribution map of monthly soil moisture of average wet year (2011) in the study area (Jul-Dec)
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4.1.3 Groundwater  

Groundwater is a vital water resource that can be tapped whenever water is 

needed. For spatial analysis, the groundwater depth and water quality index were 

interpolated using the IDW technique in GIS for the study area.   

A spatial distribution map of monthly groundwater depth (m) from 2014 to 

2020 in the study area from January to June is shown in Fig 4.5. It revealed that in 

January, the groundwater depth showed variability across the study area. Most regions 

have a depth ranging between 4.4-5.2 m. The central and eastern parts have shallower 

groundwater depths (closer to 4.4 m), while some parts, particularly in the west, exhibit 

slightly deeper levels (up to 5.6 m). In February, there was a noticeable decrease in 

groundwater depth in the central part of the study area, where the depth reached 

between 4.8-5.2 m. The eastern part shows shallower groundwater (closer to 4.4 m), 

indicating a slight replenishment or reduced groundwater extraction compared to the 

central part. By March, groundwater depths across most of the study area are deeper, 

generally ranging from 4.8-5.6 m. The map indicates that the groundwater levels are 

consistently deeper in the western and central regions, suggesting either increased 

usage or reduced recharge during this period. In April, the groundwater depth remains 

relatively deep across the study area, with most areas showing depths of 4.8-5.6 m. 

The uniformity in depth suggests that groundwater depths continue to decrease as the 

dry season progresses, possibly due to continued extraction and minimal recharge. 

May follows a similar pattern to April, with deep groundwater depths (5.2-5.6 m) 

observed throughout the study area. This indicates that the dry season continues to 

affect groundwater depths, with little to no recharge occurring during this month. In 

June, the groundwater depth remains deep across the study area, still within the range 

of 4.8-5.6 m. The depth does not show significant variation, which could be due to the 

beginning of the monsoon season, where rainfall might not yet be sufficient to cause a 

noticeable recharge in groundwater depths. 
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Fig 4.5 Spatial distribution map of monthly groundwater depth (m) from 2014-2020 in the study area (Jan-Jun)



92 
 

A spatial distribution map of monthly groundwater depth (m) from 2014 to 

2020 in the study area from July to December is shown in Fig 4.6. It has been observed 

that in July, the groundwater depth varies between 4.4 -5.6 m. The map shows a darker 

shade indicating deeper groundwater depths (4.4-4.8 m). The study area shows 

relatively uniform groundwater depth during the latter months (August to December), 

with minimal variation (5.2-5.6 m) across the study area. This pattern could imply that 

the groundwater depths are influenced by seasonal factors, possibly related to rainfall 

and water usage patterns in the study area. The decrease in groundwater depth from 

July onwards might indicate the effect of the rainy season, leading to recharge and an 

increase in groundwater depths, followed by gradual depletion as the dry season 

progresses.  

Spatial groundwater-depth maps confirm that the water table lies mostly 

between 4.4 m and 5.6 m bgl. The consistently deep groundwater levels justify the 

assumption used in Equation 3.2 that Gᵢⱼ is negligible for current agricultural 

conditions. The inclusion of these maps ensures visual and quantitative support for the 

water-balance assumption. In a similar study conducted by Bora et al. (2022) found 

that rainfall played a crucial role in determining groundwater depths in Northeast 

India. The study revealed significant upward trends in groundwater depths during the 

peak monsoon months. In Kamrup, Assam, another study was conducted by Goswami 

and Rabha (2020) reported the impacts of declining monthly rainfall during the 

monsoon (Jun-Sep) and post-monsoon (Oct-Nov) seasons. Their outcome is also 

reflected in the increasing trend of monthly average groundwater levels mbgl (meter 

below ground level) in the post-monsoon (Oct-Nov) and winter seasons (Dec-Feb). 

Furthermore, it was shown that the decrease in groundwater availability during winter 

could be attributed to the decrease in rainfall during the monsoon season. 
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Fig 4.6 Spatial distribution map of monthly groundwater depth (m) from 2014-2020 in the study area (Jul-Dec)
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4.1.3.1 Water Quality Index (WQI) 

The water quality was assessed by analyzing the four parameters, as described 

in section 3.1.1.3.1. Further, the groundwater quality parameters, i.e., potential of 

hydrogen (pH), electrical conductivity (EC), nitrate (NO3), and fluoride (F) analysis 

results were compared with BIS 10500 (2012) standards to examine the suitability for 

drinking purposes (Fig 4.7 to 4.11). The spatial distribution of the water quality is 

illustrated in Fig 4.12. Although WQI is traditionally applied for potable-water 

evaluation, the physico-chemical parameters involved—such as pH, EC- are also key 

indicators of soil salinity, sodicity, and irrigation water quality. Therefore, the WQI 

values, while developed under drinking-water standards, can also serve as supportive 

evidence of general water suitability for agriculture. 

Recent literature corroborates that WQI-based analyses can meaningfully 

inform both drinking and irrigation perspectives when interpreted with proper context. 

For example, Ramakrishnaiah et al. (2009) and Vasanthavigar et al. (2010) applied 

WQI to groundwater in Indian watersheds to discuss implications for domestic as well 

as irrigation use. Similarly, Mammeri et al. (2023) demonstrated that drinking-water 

WQI results could be extended to irrigation assessment by comparing EC and major-

ion data with the Indian irrigation standard IS 11624 (1986). A global review by Yang 

et al. (2023) further confirms that WQI frameworks can be adapted for multipurpose 

evaluation by adjusting weighting factors for irrigation relevance. Therefore, the WQI 

primarily reflects the suitability of available water resources for human consumption, 

its spatial pattern, and constituent hydro-chemical parameters also complement the 

Agricultural Water Availability Index (IAWA), as both collectively depict the integrated 

status of water quantity and quality influencing sustainable agricultural potential 

across the study area. The following discussion presents the findings of the analysis. 

Potential of hydrogen (pH) 

Water in a pure state has a neutral pH, which shows a concentration of 

hydrogen ions in water. The pH in the study area was found between 2-8.4 (Fig 4.7). 

As per the Bureau of Indian Standards (BIS) Act 2012, the pH has to be in the range 

of 6.5-8.5 for drinking purposes. This implies that the pH value is within the 
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permissible limit. The pH analysis indicates that the groundwater in the study area 

exhibits a neutral to slightly acidic nature. Previous researchers also found that the pH 

level of the Dimapur area lies within the acceptable range of 7.03-7.93 (Puzari et 

al.,2015). A similar study was conducted by Peseyie and Rao (2017) and found that 

the pH level of groundwater in the Patkai campus, Dimapur, was within the acceptable 

range for determining its quality.  

 

 

Fig. 4.7 Spatial distribution map of potential of hydrogen (pH) in the study area 
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Electrical Conductivity (EC) 

The electrical conductivity (EC) is a measure of the dissolved substances in an 

aqueous solution; the higher the dissolved material in a water sample, the higher the 

EC will be in that substance. Electrical conductivity can serve as an approximate 

indicator of the overall concentration of dissolved substances in water (Sarath et al., 

2012). As per BIS, the permissible limit for EC is 2500µS/cm. In the study, the EC is 

found in the range of 158-841µS/cm, which is within the permissible limit (Fig 4.8). 

A similar study was conducted by Puzari et al. (2015) and found that the EC was within 

the permissible limit (774.7µS/cm) in assessing the quality of drinking water in 

Dimapur. However, Keditsu et al. (2022) found the EC in the range of 98.7-600µS/cm 

in assessing the groundwater quality in Chiephobozou town, Kohima. The presence of 

high EC shows a higher concentration of salts in the groundwater.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4.8 Spatial distribution map of electrical conductivity (EC) in the study 

area 
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Nitrate (NO3) 

The nitrate (NO3) concentration causes blue baby syndrome, thyroid disease, 

gastric cancer, and diabetes beyond the permissible limit (45 mg-1) as per the BIS 

standard (2012). The nitrate concentration in the study area ranges between 1-14 mg-

1, which is under the desirable limit (Fig 4.9).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4.9 Spatial distribution map of nitrate (NO3) in the study area 
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Fluoride (F) 

The primary source of fluoride in water is geogenic. Fluoride in very low doses 

(<0.6 mg-1) in water promotes tooth decay. However, when consumed in higher doses 

(>1.5 mg-1), it causes dental fluorosis or mottled enamel, and very high concentrations 

(>3.0 mg-1) of fluoride may lead to skeletal fluorosis. In the present study, the fluoride 

concentration ranges less than 0.4 (Fig 4.10). A similar finding by Pamei et al. (2022) 

found that the nitrate (NO3) level was within the permissible limit as per the BIS 

standards in assessing the water quality in Dimapur.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4.10 Spatial distribution map of fluoride in the study area 
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Fig 4.11 shows the spatial distribution map of the water quality index (WQI) 

in the study area. The World Health Organization (WHO) standard has classified the 

water quality index (WQI) into ‘Good,’ ‘Moderate, ‘Poor,’ ‘Very Poor,’ and ‘Not fit 

for drinking’. It revealed that the groundwater quality in the study area was suitable 

for drinking purposes. The study also revealed that the four parameters, i.e., pH, 

fluoride, electrical conductivity, and nitrate, were within the permissible limit.  

 

 

 

 

 

 

 

 

 

 

 

 

 

         

 

 

 

 

 

 

 

Fig. 4.11 Spatial distribution map of water quality index (WQI) in the study 

area 
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4.1.4 Surface runoff 

Surface runoff from rainfall and the values of the Curve Number (CN) for the 

soil type in the study area were determined as per the USDA-SCS CN method (U.S. 

Soil Conservation Service, 1986). The composite Curve Numbers (CNs) for Kohima, 

Dimapur, and the merged study area were computed for AMC-I (dry), AMC-II 

(normal), and AMC-III (wet) using the class-wise CNs and district-specific LULC 

proportions. The results (Table 4.3) show consistently lower CNs for Kohima relative 

to Dimapur, reflecting its higher forest cover and greater infiltration potential. CN 

values increase by ~13–15 points from AMC-I to AMC-III across both districts, 

indicating the strong influence of antecedent moisture on runoff potential. The merged 

CNs were used for catchment-scale simulations to represent the combined 

hydrological response of the study area.  

Table 4.3 Composite Curve Numbers (CN) for Kohima, Dimapur, and the merged 

study area under different Antecedent Moisture Conditions (AMCs) 

Area/District CN (AMC-I) CN (AMC-II) CN (AMC-III) 

Kohima 60.81 77.87 90.33 

Dimapur 64.78 80.46 91.62 

Merged (Kohima 

+ Dimapur) 

62.35 78.88 90.83 

 

The result of the surface runoff amount is shown in Table 4.4. The result 

revealed that the minimum runoff was observed in January, February, November, and 

December, with a value below 1. The maximum runoff was observed in the rainy 

months of July and August, which correlates with the rainfall pattern. 

Table 4.4 Monthly maximum and minimum surface runoff (mm) in the study 

area (2003-2020) 

Month Max surface runoff Min surface runoff 

Jan 1.22 0.22 

Feb 0.13 0.05 



101 
 

Mar 9.27 1.11 

Apr 55.61 27.44 

May 129.42 55.12 

Jun 310.35 114.31 

Jul 385.18 108.9 

Aug 302.45 107.32 

Sep 251.94 75.03 

Oct 80.66 53.82 

Nov 1.49 0.01 

Dec 1.54 0.1 

 

The observed increase in runoff across the study area can be explained by the 

interaction of soil type and land use/land cover (LULC). The soils of both Kohima and 

Dimapur districts predominantly belong to Hydrologic Soil Group C, which is 

characterised by moderately fine textures, moderate to slow infiltration rates (1.3–3.8 

mm/hr), and moderately high runoff potential. Under conditions of increasing rainfall 

or soil saturation, infiltration is quickly exceeded, thereby enhancing surface runoff 

generation. 

LULC patterns further amplify this response. In Kohima, with over 90% of the 

land area under forest, runoff generation remains relatively lower because the dense 

canopy, litter cover, and root systems promote interception and infiltration. By 

contrast, Dimapur has a larger share of agricultural land (22.32%) and built-up areas 

(15.72%). Cultivated land, even under good management, has a lower infiltration 

capacity than forest, while built-up areas introduce impervious surfaces that prevent 

infiltration altogether. As a result, Dimapur consistently produced higher CN values 

and higher runoff compared to Kohima. 

The seasonal trend of increasing runoff from AMC-I to AMC-III further 

supports this linkage. During dry conditions (AMC-I), infiltration can still occur in 

most soils; however, under wet conditions (AMC-III), the soil profile becomes 

saturated, particularly in Group C soils, sharply reducing infiltration capacity and 



102 
 

elevating runoff. This explains the rapid rise in runoff observed during the pre-

monsoon to monsoon transition months. 

A similar finding by Qazi et al. (2017) observed that forest degradation in the 

Garhwal Himalaya increased streamflow by reducing infiltration and interception. 

Similarly, Sinha et al. (2020) showed that shifts from forest to agriculture or built-up 

land significantly elevated runoff and sediment yield in Indian catchments. In the 

Hyrcania basin, Ahmadi-Sani et al. (2022) demonstrated that barren and residential 

land uses generated the highest runoff, while dense forests had the lowest. Indian 

evidence from Meena et al. (2023) confirmed that land use systems directly affect soil 

compaction and runoff generation in subtropical regions. Globally, Ma et al. (2024) 

highlighted that deforestation and land cover change accelerate runoff by altering both 

infiltration and forest-climate feedbacks. 

The spatial distribution map of monthly surface runoff (mm) from 2003-2020 

in the study area from January to June is shown in Fig 4.12. The results revealed that 

in January and February, the surface runoff was minimal across the entire study area, 

as indicated by the lightest blue shade. This suggests that there is very little 

precipitation or that the land has a high infiltration capacity during these months 

(Cerda, 1997), resulting in surface runoff values of less than 10 mm. In March, a slight 

increase in surface runoff was observed in some parts, particularly in the northern parts 

of the study area.  

However, the overall runoff remains low, with most of the area still 

experiencing values below 50 mm. This could indicate the beginning of a transition 

period where early rains start, but not enough to generate significant runoff. In April, 

the surface runoff begins to increase significantly, particularly in the southwestern part 

of the study area, where runoff values start to exceed 100 mm, as indicated by the 

darker shades of blue. This could be attributed to the onset of the pre-monsoon 

showers, which begin to saturate the soil, reducing infiltration and increasing surface 

runoff. In May, the map shows a more pronounced increase in surface runoff, 

especially in the western and southern parts of the study area. Some parts exhibited 

runoff values between 150 mm and 200 mm. This trend suggests that the pre-monsoon 
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rains are intensifying, leading to higher surface runoff due to saturated soils and 

possibly reduced vegetation cover. In June, the surface runoff reaches its peak during 

this month, particularly in the central and southern parts of the study area. The darkest 

shades of blue indicate areas with runoff values exceeding 300 mm. This substantial 

increase is likely due to the arrival of the monsoon, which brings heavy rainfall.  

The spatial distribution map of monthly surface runoff (mm) from 2003 to 2020 

in the study area from July to December is shown in Fig 4.13. The results revealed that 

in July, the surface runoff reached its highest level, particularly in the northern and 

northeastern parts of the study area, where runoff values exceeded 300 mm, and in 

some parts even 400 mm. The darker shades of blue indicate heavy rainfall and 

significant runoff due to the full onset of the monsoon season. The southern and 

western parts also experience substantial runoff, but to a slightly lesser degree, with 

values ranging between 150 mm and 300 mm. This intense runoff was likely due to 

the saturation of soil from persistent rainfall, leading to limited infiltration and higher 

surface flow. In August, there was a slight reduction in surface runoff across most of 

the study area compared to July. In September, the surface runoff continues to 

moderate, with the majority of the study area exhibiting values between 100 mm and 

200 mm. The northern and northeastern parts still show higher runoff, but overall, the 

map reflects a continued decline in runoff intensity. This trend could be associated with 

the tail end of the monsoon season, where rainfall intensity begins to decrease, 

resulting in less surface runoff. In October, the runoff further declined, especially in 

the central and southern parts of the study area, where most parts showed runoff values 

between 50 mm and 100 mm. This reduction was consistent with the transition from 

the monsoon to the post-monsoon season, where rainfall becomes less frequent, and 

the land begins to dry out.  In November, the surface runoff drastically decreases across
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Fig 4.12 Spatial distribution map of monthly surface runoff (mm) from 2003-2020 in the study area (Jan-Jun)
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Fig 4.13 Spatial distribution map of monthly surface runoff (mm) from 2003-2020 in the study area (Jul-Dec)
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the entire study area, with most regions exhibiting values of less than 50 mm. This 

indicated that the monsoon season had ended, and the study area was experiencing 

much drier conditions. The minimal runoff is likely due to the lack of significant 

rainfall, and the soil moisture content has reduced, allowing for greater infiltration and 

less surface flow. In December, the study area exhibited very low surface runoff, with 

most parts showing values of less than 10 mm.  

A similar study conducted by Laishram and Alam (2024) found that the highest 

average monthly surface runoff in the Loktake lake watershed, Manipur, was observed 

during June, and the lowest in January. Another finding by Shinde et al. (2024) used 

the SCS-CN method and found that higher runoff was observed from June to 

September as rainfall was more prominent.  

Agricultural water availability index (IAWA) 

The Agricultural Water Availability Index (IAWA) was calculated according to 

the methodology explained in section 3.3. The total depth of available water from the 

component sources, i.e., rainfall, soil moisture, groundwater, and surface runoff, was 

added, and Equations 3.1 to 3.3 were solved. The total water depth values were 

normalized. The normalization was done objectively to bring each water depth 

between 0 and 1, where 0 represents the minimum (18.5 mm) and 1 represents the 

maximum (354.4 mm).  

The resulting water availability index for the present scenario is shown in 

Table 4.5, where the minimum index value was found to be 0.01 in December, and the 

maximum index value was 0.87 in July. The rainfall distribution, stored soil moisture, 

groundwater, and runoff collectively support computing the index value.  

Table 4.5 Monthly minimum and maximum IAWA for the present scenario (2003-

2020) in the study area 

Month Max IAWA Min IAWA 

Jan 0.09 0.03 

Feb 0.10 0.08 

Mar 0.34 0.28 
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Apr 0.63 0.58 

May 0.75 0.71 

Jun 0.85 0.77 

Jul 0.87 0.80 

Aug 0.86 0.77 

Sep 0.80 0.74 

Oct 0.74 0.63 

Nov 0.18 0.16 

Dec 0.05 0.01 

 

To complement the monthly analysis, the IAWA was aggregated into annual 

means for each year (2003–2020). The Mann–Kendall trend test was applied to the 

annual series to detect long-term changes. The results indicated no statistically 

significant monotonic trend (p > 0.05), meaning that although interannual variability 

exists, there is no consistent increase or decrease in water availability over the study 

period. This aligns with regional studies noting high rainfall variability in Northeast 

India without a clear long-term directional change (Parida and Oinam, 2015; Patle et 

al., 2025). To improve interpretability, the annual IAWA values were classified into dry, 

normal, and wet years using percentile thresholds shown in Table 4.6 and a graphical 

representation is shown in Fig 4.14. Years below the 25th percentile were classified as 

dry, those above the 75th percentile as wet, and the remainder as normal.  

Table 4.6 Annual IAWA and classification of wet, normal, and dry years for 2003–

2020 in the study area 

Year Annual IAWA Category 

2003 0.79 Wet 

2004 1.00 Wet 

2005 0.68 Normal 

2006 0.30 Dry 

2007 0.87 Wet 

2008 0.93 Wet 
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2009 0.36 Normal 

2010 0.66 Normal 

2011 0.45 Normal 

2012 0.10 Dry 

2013 0.15 Dry 

2014 0.31 Normal 

2015 0.62 Normal 

2016 0.44 Normal 

2017 0.75 Normal 

2018 0.78 Normal 

2019 0.54 Normal 

2020 0.29 Dry 

 

Fig 4.14 A graphical representation of the annual Agricultural Water Availability 

Index (IAWA) with wet, normal, and dry years 

The annual classification reveals alternating wet and dry years with no long-

term trend. For example, 2012 and 2020 were dry years consistent with reported 
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monsoon deficits in Nagaland, which coincides with the article's statements “Drought-

like situation” faced in the state (Press Trust of India, 2013, and Down to Earth, 2021), 

while 2003–2004 and 2007–2008 were wet years corresponding to high rainfall 

periods. This variability is typical of Northeast India, where the monsoon is highly 

erratic despite high mean annual rainfall (Das et al., 2009; Parida and Oinam, 2015). 

Similar findings in Mizoram (Patle et al., 2025) also found frequent oscillations 

between dry and wet years without a significant long-term decline, confirming that 

short-term extremes rather than gradual decline dominate agricultural water 

availability in the region. From an agricultural perspective, dry years coincide with 

water stress for crops and potential yield loss, while wet years increase risks of 

flooding and waterlogging. As 70% of Nagaland’s population depends on climate-

sensitive sectors (Das et al., 2009), classifying years into wet, normal, and dry is vital 

for planning contingency irrigation, drought management, and flood control. 

A graphical representation of monthly water availability (mm) for the present 

scenario in the study area (2003–2020) is shown in Fig 4.15. The analysis indicates a 

clear seasonal cycle in the availability of water resources. During January and 

February, water availability was close to 10 mm, reflecting the extremely dry winter 

months typical of Nagaland, when precipitation is at its lowest (IMD, 2020; CGWB, 

2013). Moving into March and April, the values rise gradually, reaching nearly 50 mm 

in March and about 110 mm in April. This rise corresponds to the pre-monsoon 

showers, which provide modest contributions before the full onset of the southwest 

monsoon (Medeo and Jamir, 2023; NSDMA, 2019). 

By May, water availability further increases to around 160 mm. This growth 

coincides with the early arrival of the monsoon, which marks the beginning of the main 

rainy season in the region (IASc, 2024; NSDMA, 2019). The most significant rise is 

seen during June, July, and August, when water availability peaks, with July reaching 

nearly 380 mm. This peak aligns with climatological records showing that more than 

70% of Nagaland’s annual rainfall is concentrated in these three months, fueling 

streams, aquifers, and surface reservoirs (IMD, 2020; Statistical Handbook of 

Nagaland, 2021). 
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Following this peak, water availability begins to decline in September, with 

values of about 220 mm. In October, the figure drops further to around 100 mm, 

reflecting the retreating monsoon and transition towards the dry season (Medeo and 

Jamir, 2023). By November and December, water availability falls to very low levels, 

confirming the extended dry winter that characterizes Nagaland’s hydrological regime 

(CGWB, 2013; Statistical Handbook of Nagaland, 2021). 

Overall, the graph highlights a distinct monsoon-driven hydrological cycle: 

very low water availability during winter, gradual increases in spring, a sharp peak 

during the summer monsoon, and a steady decline through autumn. This pattern is 

consistent with long-term meteorological and hydrological observations across 

Kohima and Dimapur districts. 

 

 

 

 

 

 

 

 

 

 

 

Fig 4.15 A graphical representation of monthly water availability for the present 

scenario in the study area (2003-2020)

0.0

50.0

100.0

150.0

200.0

250.0

300.0

350.0

400.0

W
at

e
r 

av
ai

la
b

ili
ty

, m
m

Months



111 
 

4.2 The impact of climate change on temporal and spatial variation of water 

availability in the study area 

Rainfall and temperature were determined for future scenarios to assess the 

impact of climate change on temporal and spatial variation in the study area. In this 

section, the result of the statistical downscaling model (SDSM) for downscaling 

rainfall and temperature data using the baseline period 2003-2020 for the study area 

for generating the future periods, i.e., 2021-2038, 2039-2059, 2060-2080, and 2081-

2100, taking 20 years except for 2021-2038 (18 years) intervals has been discussed. 

4.2.1 Statistical downscaling of regional climate 

Downscaling has been performed for the two stations, i.e., Kohima and 

Dimapur districts of the study area. The daily rainfall and temperature (maximum and 

minimum) data (2003-2020) have been assessed using the widely used Statistical 

Downscaling Model (SDSM) software version 4.2.9 (Wilby and Dawson, 2013). The 

results of the methodology presented in section 3.4 for statistical downscaling have 

been discussed in the sub-sections. 

4.2.1.1 Selection of predictors 

The screening of predictor variables is an important step in the downscaling 

process. The approach is iterative and involves a preliminary screening of potential 

variables and predictors. This process is continued until an objective function is 

optimized (Wilby and Harris, 2006). The variables exhibiting the strongest correlation 

were chosen utilizing the screen variable function in the SDSM.  

Initially, all predictors from historical records were compared to the observed 

data. The predictors that exhibited the strongest connection were selected based on 

their minimum or zero p-value and maximum partial r-value. The correlation statistics 

and p-values were utilized to quantify the strength of the association between the 

predictor-predictand and to assess the presence of multicollinearity among the selected 

predictors. To improve the accuracy of the predictions, only the correlations with a p-

value less than or equal to zero were chosen. The predictors, along with the partial r 

value selected for rainfall and temperature, presented in Tables 4.7 and 4.8, compared 
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with the results obtained by Wilby et al. (2002), are considered suitable for the process 

of downscaling. 

Table 4.7 Selected predictors with partial r values for rainfall in the study area 

Sl. No. Predictors Rain gauge stations with partial r values 

Kohima Dimapur 

1 s500gl  ✓ 0.039 ✓ 0.101 

2 p8_zgl    ✓ 0.038 

3 shumgl  ✓ 0.078 ✓ 0.122 

4 p1_fgl  ✓ 0.335   

Note: ✓ indicates the selected large-scale predictor for rainfall in the study area. 

The highest correlation values represent a higher degree of association and 

smaller p-values describe a better chance for an association between variables. The 

selection of predictors was done as discussed in section 3.3.3.1. Considering all 26 

predictors, only 4 predictors (s500gl, p8_zgl, shumgl, and p1_fgl) for rainfall were 

selected from the study area as they were strongly correlated with the observed data in 

the analysis (Table 4.7). The super predictors for Kohima and Dimapur stations were 

p1_fgl (Wind speed at 1000hPa) and shumgl (Specific humidity at 1000hPa), 

respectively.  

No research has been done in the study area, contrary to the region similar 

study by Mahmood and Babel (2013) found that the super predictor was shumgl in the 

downscaling of rainfall for 14 stations in the Jhelum basin. Also, Gulacha et al. (2017) 

examined partial r values for precipitation in the range of 0.038 to 0.335. Similar 

results of partial r values for precipitation were also observed by Tatsumi et al. (2014) 

and Mahmood and Babel (2013). On the other hand, Bulti et al. (2021) also found the 

same super predictor (shumgl) of CanESM2 in analyzing future extreme precipitation 

in Adama, Ethiopia. The results show the effective implementation of the SDSM for 

the process of downscaling daily rainfall at a local scale using estimates of large-scale 

atmospheric information specific to the study area. 
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Table 4.8 Selected predictors with partial r values for temperature in the study 

area 

 

Note: ✓ indicates the selected large-scale predictor for temperature in the study area. 

The selected predictors for maximum temperature (Tmax) and minimum 

temperature (Tmin) with partial r values is shown in Table 4.8. It is observed that the 

super predictors for Tmax and Tmin are shumgl (Specific humidity at 1000 hPa) and 

tempgl (Screen air temperature at 2m), respectively for Kohima station. For the 

Dimapur station, the super predictors for Tmax and Tmin are s500gl (Specific humidity 

at 500 hPa) and tempgl (Screen air temperature at 2m), respectively. The tempgl is 

super predictor for Tmin in both the station.  

A similar finding was reported by Mahmood and Babel (2013), where the super 

predictor was tempgl for temperature in the downscaling of rainfall for 14 stations in 

the Jhelum basin. Shrestha et al. (2021) found a comparable finding of selected 

predictors for maximum and minimum temperature in downscaling the three stations 

within the Gandaki River Basin in Central Nepal. Rana and Adhikary (2023) also 

found that the predictors shumgl, tempgl, and p500gl were significant in examining 

 Predictors Kohima Dimapur 

Tmax 

(Maximum 

temperature) 

p500gl   ✓ 0.129 

p1_vgl   ✓ 0.041 

s500gl ✓ 0.200 ✓ 0.054 

Shumgl ✓ 0.593   

Tempgl ✓ 0.367   

Tmin 

(Minimum 

temperature) 

p8_ugl ✓ 0.089   

Shumgl ✓ 0.216   

Tempgl ✓ 0.454 ✓ 0.039 

p1_zgl   ✓ 0.031 

p1_zhgl   ✓ 0.018 
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the effects of climate change on future precipitation and temperature changes in the 

northwest region of Bangladesh. They also used the CanESM2 model for their study. 

While it is sufficient to utilize a maximum of two predictors for the statistical 

downscaling of GCM for climate variables in the SDSM platform, employing 

additional predictor variables can enhance the accuracy and stability of the 

downscaling results (Gulacha and Mulungu, 2017; Jahangir et al., 2020). 

4.2.1.2 Calibration and Validation of Model 

In the process of model calibration, a multiple linear regression-based model 

has been generated using station data and the NCEP predictors. The model calibration 

was carried out to validate the developed empirical relationship between the predictors 

and the predictands. The validation process enables the production of synthetic data 

for the duration that the observed data is available. This model has been validated using 

the station-observed data and the NCEP predictors for the duration of 2010 to 2020. 

The observed and simulated average monthly rainfall (mm) and temperature 

(maximum and minimum in ˚C) in the baseline period (2003-2020) in Kohima and 

Dimapur stations are shown in Fig 4.16 to 4.21. 

Fig 4.16 demonstrates a strong match between the observed rainfall data and 

the simulated model at Kohima station, except August, where the model exhibits a 

slightly larger peak compared to the actual data. Fig 4.17 demonstrates a strong 

correlation between the observed rainfall data and the simulated model for most 

months at Dimapur station. However, in September, the simulated model displayed a 

lower value compared to the observed data. Fig 4.18 and 4.19 demonstrate that the 

maximum and minimum temperatures for the Kohima station indicate a close 

correspondence between the observed data and the simulated model. The simulated 

model produced demonstrates high accuracy and can be effectively utilized for long-

term temperature forecasting. Fig 4.20 and 4.21 demonstrate that the maximum 

temperature recorded in Dimapur station is higher in the observed data compared to 

the simulated model. Given the modest discrepancy between the observed data and the 

simulated model, the model is deemed acceptable for predicting purposes. The 

minimum temperature exhibits a stronger correlation between the observed data and 
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the generated model. The data presented in Fig 4.15 to 4.20 demonstrate a close 

correspondence between the observational data and the simulated model. This 

alignment supports the model's capability to accurately estimate future rainfall and 

temperature (Wilby et al., 2002; Chu et al., 2010). A similar study in contrary to the 

region was conducted by Javaherian et al. (2021) and found that the CanESM2 model 

accurately predicted changes in climatic parameters (rainfall and temperature) in the 

Lar Dam Basin. The observed data and model forecast showed a strong match. 

 

 

 

 

 

 

 

 

 

Fig 4.16 Observed and simulated average monthly rainfall (mm) in the baseline 

period (2003-2020) in Kohima station 

 

 

 

 

 

 

 

Fig 4.17 Observed and simulated average monthly rainfall (mm) in the baseline 

period (2003-2020) in Dimapur station 
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Fig 4.18 Observed and simulated average monthly maximum temperature (˚C) in 

the baseline period (2003-2020) in Kohima station 

 

 

 

 

 

 

 

 

 

 

Fig 4.19 Observed and simulated average monthly minimum temperature (˚C) 

in the baseline period (2003-2020) in Kohima station 
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Fig 4.20 Observed and simulated average monthly maximum temperature (˚C) in 

the baseline period (2003-2020) in Dimapur station 

 

 

 

 

 

 

 

 

 

 

 

Fig 4.21 Observed and simulated average monthly minimum temperature (˚C) in 

the baseline period (2003-2020) in Dimapur station 
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4.2.1.3 Performance criteria of SDSM 

The statistical analysis was done to ascertain the results of the graphical 

comparison, as epitomized in Table 4.9. The coefficient of determination (R2) for 

rainfall was determined to be 0.92 and 0.85 for Kohima and Dimapur, respectively. 

The R2 values for maximum and minimum temperature in Kohima station were 

determined to be 0.99 and 0.98, respectively. The R2 for the maximum temperature at 

Dimapur was 0.92, while for the minimum temperature it was 0.93. The result of R2 

reveals that the SDSM has a good simulation effect on rainfall for both stations. It is 

noted that the closer R2 to a value 1, the better the regression equation fitting data and 

the stronger the linear relationship.  

The result is supported by Singh et al. (2015), who found the R2 value in the 

range between 0.83 to 0.92 for rainfall and 0.80 to 0.90 for temperature during the 

downscaling of the observed and modelled precipitation and temperature in the Sutlej 

River basin, India. Also, a similar study conducted by Shrestha et al. (2021) also 

observed that the value of R2 showed a good correlation (0.99) between observed and 

downscaled in the three stations for temperature and precipitation data in the Gandaki 

basin, Nepal. Similar values of R2 were also observed by Shahriar et al. (2021) in the 

Chittagong division, Bangladesh. Another study conducted by Suo et al. (2019) also 

found that the determination coefficients (R2) of observed and simulated values for 

maximum temperature, minimum temperature, average temperature, and precipitation 

were 0.94, 0.95, 0.93, and 0.64, respectively. 

Table 4.9 Statistics values of R2 between observed and simulated values of rainfall 

and temperature in the study area 

Parameters Kohima Dimapur 

Rainfall 0.92 0.85 

Tmax 0.99 0.92 

Tmin 0.98 0.93 
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4.2.2 Projected changes in rainfall and temperature (maximum and minimum) 

for future climate scenarios 

The validated regression models have been applied to generate future climate 

scenarios of rainfall and temperature (maximum and minimum) using the GCM 

CanESM2 model for RCP4.5 and RCP8.5. The downscaled process has been carried 

out for the future periods 2021-2038, 2039-2059, 2060-2080, and 2081-2100. The 

changes in mean monthly rainfall and temperature (maximum and minimum) in the 

two stations under the RCP4.5 and RCP8.5 scenarios would present noticeable 

differences in different months. 

4.2.2.1 Future projections of rainfall and temperature (maximum and minimum) 

in the study area 

The changes in rainfall and temperature (maximum and minimum) for the 

future periods 2021-2038, 2039-2059, 2060-2080, and 2081-2100 relative to the 

baseline period or historical observations (2003-2020) under the RCP4.5 and RCP8.5 

scenarios for Kohima and Dimapur stations is presented in Figure 4.21 to 4.22. The 

figures represent the general monthly changes in rainfall and temperature (maximum 

and minimum) for the observed period and climate scenarios RCP4.5 and RCP8.5. 

Concerning the distribution of rainfall in different seasons, it is known that the study 

area receives much of its rainfall in monsoon (June to September), which is supposed 

to be the main rainy season, followed by the retreating or post-monsoon season 

(October and November) (Schröder et al., 2024).  

From Fig 4.22, it was seen that in Kohima station, the RCP4.5 scenario 

projected higher rainfall than the RCP8.5 scenario in the period 2021-2038, except in 

May, September, and October, and the projected rainfall values in that period (2021-

2038) seemed to be higher than the other future periods. The projected rainfall values 

under both scenarios in all future periods revealed that more rainfall would occur in 

all months except July, which showed a decreasing trend compared to the historical 

observations. A similar finding by Shrestha et al. (2021) observed that the projected 

precipitation would increase for the RCP4.5 and RCP8.5 in the Gandaki basin. The 

study by Javaherian et al. (2021) reported that the number of changes in the parameter 

of total rainfall in the prediction period is increased than the basic (observational data) 
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period under the three RCP scenarios, i.e., RCP2.6, RCP4.5, and RCP8.5 and the 

amount of least change of rainfall belongs to RCP8.5 scenario. Similarly, another study 

utilizing SDSM in Khyber Pakhtunkhwa found that while RCP4.5 showed an increase 

in precipitation, RCP8.5 exhibited a more complex pattern, with some regions 

experiencing a decrease in rainfall (Rahman et al., 2022). 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 4.22 Projected monthly rainfall in the future periods 2021-2038, 2039-2059, 

2060-2080, and 2081-2100 compared to the observed monthly rainfall in the 

baseline period (2003-2020) at Kohima station 

Fig 4.23 revealed that in the Dimapur station, the RCP8.5 scenario projected 

higher rainfall than the RCP4.5 scenario in all future periods except in March, 

September, and May. The projected rainfall for both scenarios in May and June was 

seen to be lower than the historical observations. It also revealed that during the month 

of November, similar rainfall conditions were observed between the projected rainfall 
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under the RCP4.5 and RCP8.5 scenarios and the historical observations. A fluctuation 

in projected rainfall was shown in most of the months compared to the Kohima station. 

A similar finding by Thakor and Parekh (2022) found that the RCP8.5 projected a 

significant increase in rainfall using the CanESM2 model in the Vadora district. 

Another study in Kelantan projected a major increase in annual rainfall under RCP8.5 

for the 2080s (Armain et al., 2021). These findings suggest that while RCP8.5 

generally indicates higher rainfall forecasts, regional variations and specific modeling 

approaches can lead to differing outcomes, highlighting the need for localized 

assessments in climate predictions (Verma et al., 2022). 

The projected modeled rainfall for the future periods 2021-2038, 2039-2059, 

2060-2080, and 2081-2100 in both stations under the RCP4.5 and RCP8.5 scenarios 

revealed that increased rainfall is highly anticipated. Many researchers have found 

similar findings; however, the number of models used and the length of historical 

rainfall may differ considerably. In support of our findings, Dahal et al. (2020) and 

Rajbhandari et al. (2018) found that there was an increase in projected rainfall in the 

Koshi, Karnali, and Koshi river basins, respectively. This increase in rainfall may be 

attributed to an increase in the surface temperature, which in turn may raise the rate of 

evaporation, leading to increased precipitation (Anandhi et al., 2008). Contrary to this 

finding, a report by Medeo and Jamir (2022) observed that July was the wettest month 

in Nagaland based on the period from 2004 to 2021. As multiple factors linked to 

climate change contribute to the projected decline in July rainfall in Northeast 

India. The warming of the Indian Ocean, particularly the Bay of Bengal, and a 

weakening of the monsoon circulation system are the primary drivers. This leads to a 

shift in moisture transport, favoring other parts of India and decreasing the formation 

of rain-producing weather systems over the Bay of Bengal. In a study, Prabhu et al. 

(2024) revealed a similar outcome that district-level monsoon trends reported 

widespread declines in northeastern monsoon rainfall: approximately 68% of tehsils 

in NE India experienced lower June–September rainfall, with 87% of those tehsils 

experiencing declines in June–July.  The India Meteorological Department (IMD) and 

government analysts note that “July, once the peak rainfall month, is now showing a 

decline in rainfall, while September is becoming wetter”.  In other words, the seasonal 
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rain peak is moving later. This trend is borne out in high-resolution data: the Council 

on Energy, Environment and Water (CEEW) analysis found that many parts of north 

and east India (including Nagaland) actually saw reduced rainfall in July–August even 

as overall monsoon totals rose.  

The projected changes in rainfall are critical for agriculture, especially for 

crops reliant on monsoon rains, such as rice/paddy, which is sensitive to water 

availability during its growing season (Adib et al., 2022). Even though increased 

rainfall can benefit crop yields, it may lead to adverse effects such as flooding and 

waterlogging, particularly during the kharif season, which could negatively impact 

agricultural productivity (Vijayakumar et al., 2021). Thus, understanding these 

dynamics for effective agricultural management and planning in the face of climate. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 4.23 Projected monthly rainfall in the future periods 2021-2038, 2039-2059, 

2060-2080, and 2081-2100 compared to the observed monthly rainfall in the 

baseline period (2003-2020) at Dimapur station
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Fig 4.24 shows a comparison of the projected monthly maximum temperature 

by downscaled CanESM2 GCM under RCP4.5 and RCP8.5 scenarios with the 

observed monthly maximum temperature data at Kohima station. The data from the 

observed period or baseline period (2003-2020) indicates that the temperature reaches 

its highest point in June and July and then steadily decreases until December. The 

projected maximum temperature in January under both scenarios were lower than the 

baseline period. The projected maximum temperature in RCP4.5 and RCP8.5 (2021-

2038, 2039-2059, 2060-2080) exceeds that of the baseline period in February, March 

and April. In May, June, July and August, the projected maximum temperature was 

more or less equal to the baseline period. In September and November, the RCP8.5 

shows a higher temperature than the RCP4.5. The maximum temperature is projected 

to rise by around 2 to 3˚C in future periods. The RCP8.5 scenarios often exhibit higher 

temperatures in comparison to the RCP4.5 scenarios, which follow a more intense 

emission trajectory. A similar study contrary to our study region was conducted by 

Chen et al. (2021) and found that under RCP8.5, the maximum temperature was 

projected to increase double times more than under RCP4.5 in analyzing the changes 

in the temporal and spatiotemporal variation of temperature extremes in the Kaidu-

Kongqi River basin, Northwest China.  
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Fig 4.24 Projected monthly maximum temperature in the future periods 2021-

2038, 2039-2059, 2060-2080, and 2081-2100 compared to the observed monthly 

maximum temperature in the baseline period (2003-2020) at Kohima station 

Fig 4.25 shows a comparison of the projected monthly minimum temperature 

from downscaled CanESM2 GCM under RCP4.5 and RCP8.5 scenarios with the 

observed monthly rainfall data at Kohima station. The observed data or baseline period 

(2003-2020) indicates that the temperature is generally low during the winter months 

of January, February, and December. Conversely, the minimum temperature tends to 

be greater in June and July, which are part of the summer season. In January, the 

baseline period shows a higher temperature than the projected minimum temperature 

under both scenarios. The RCP4.5 and RCP8.5 (2021-2038, 2039-2059) exceeds the 

baseline period in February, March and April. In rest of the months, under both 

scenarios shows more less equal to the baseline period. A rise of around 3 to 4˚C is 

anticipated by the end of the 21st century.  The RCP8.5 scenario typically has higher 
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minimum temperatures in comparison to the RCP4.5 scenario, indicating a more 

pronounced warming trend associated with higher emission trajectories. A study with 

a similar methodology but conducted in a different region was carried out by 

Chengcheng et al. (2024), who reported that RCP8.5 projects higher future 

temperature increases compared to RCP4.5. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 4.25 Projected monthly minimum temperature in the future periods 2021-

2038, 2039-2059, 2060-2080, and 2081-2100 compared to the observed monthly 

minimum temperature in the baseline period (2003-2020) at Kohima station 

Fig 4.26 shows a comparison between the projected monthly maximum 

temperature from downscaled CanESM2 GCM under RCP4.5 and RCP8.5 scenarios 

and the observed monthly maximum temperature data at Dimapur station. The 

projected maximum temperature in all future periods (2021-2038, 2039-2059, 2060-

2080, and 2081-2100) under RCP4.5 and RCP8.5 scenarios is lower than that of the 
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baseline period (2003-2020), except from July to September. While there may be some 

variation across different RCP scenarios, the general trend indicates a lower 

temperature over time.  

Fig. 4.26 Projected monthly maximum temperature in the future periods 2021-

2038, 2039-2059, 2060-2080, and 2081-2100 compared to the observed monthly 

maximum temperature in the baseline period (2003-2020) at Dimapur station 

Fig 4.27 shows a comparison between the projected monthly minimum 

temperature from downscaled CanESM2 GCM under RCP4.5 and RCP8.5 scenarios 

and the observed monthly minimum temperature data at Dimapur station. The 

projected minimum temperature under both scenarios exceeds the baseline period. The 

RCP8.5 scenario, which represents higher greenhouse gas concentration, demonstrates 

higher projections for minimum temperature compared to the baseline period. The 
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timeline forecasts from 2038 to 2100 show a significant rise in temperature, showing 

a substantial increase in minimum temperature as a result of climate change. 

Fig 4.27 Projected monthly minimum temperature in the future periods 2021-

2038, 2039-2059, 2060-2080, and 2081-2100 compared to the observed monthly 

minimum temperature in the baseline period (2003-2020) at Dimapur station 

Several studies support these findings, including a report by Javaherian et al. 

(2021), which reveals that the CanESM2 model predicts greater increases in both 

maximum and minimum temperatures in the future period under the RCP4.5 and 

RCP8.5 scenarios. Specifically, the RCP8.5 scenario shows a higher temperature rise 

compared to RCP4.5 in the Lar Dam basin, Iran. Another study by Gupta et al. (2022) 

found that under RCP4.5 and RCP8.5 scenarios of the CanESM2, the future maximum 

temperature was projected to increase by 0.4 to 3.4°C, with RCP8.5 showing higher 

increases compared to RCP4.5 in the Ganges Basin, India. Similarly, a finding by 

5

10

15

20

25

30

35

M
in

im
u

m
 T

em
p

er
at

u
re

 (
˚C

)

Months

RCP4.5_2038 RCP8.5_2038 RCP4.5_2059 RCP8.5_2059 RCP4.5_2080

RCP8.5_2080 RCP4.5_2100 RCP8.5_2100 OBSERVED



128 
 

Mukherjee et al. (2023) also reported that under the RCP 8.5 scenario, maximum 

temperature was projected to increase by 5.3°C and minimum temperature by 5.9°C 

by the end of the century in eastern India. 

4.2.3 Water Availability in the future scenarios 

The projected rainfall for the future periods (2021-2038, 2039-2059, 2060-

2080, and 2081-2100) under RCP4.5 and RCP8.5 scenarios has been used to generate 

the forthcoming water availability in the study area. The parameters, such as the 

groundwater and soil moisture data, are considered the same in future periods.  The 

surface runoff was computed using the same equation explained in section 3.3.1.4 by 

incorporating the projected rainfall data instead of the observed rainfall. After 

determining all the parameters, the future water availability was calculated for each 

scenario using the same formula that was used to find the present water availability 

given in Equations 3.1 to 3.4. This was purposedly done to compare the present and 

future water availability.  

Fig 4.28 presents a comparison of present and projected water availability 

under the RCP4.5 and RCP8.5 scenarios. The present water availability in May, June, 

and July exhibits a greater abundance of water compared to future periods in both 

scenarios. The anticipated water availability throughout the winter months (December 

to February) exhibits a notable upward trend, which is substantial when compared to 

the current conditions witnessed during the dry season. The anticipated increases in 

the dry season are a positive development, indicating enhanced water security in the 

study region. A similar finding was reported by Anushiya and Ramachandran (2015), 

where the future water availability was projected to increase during winter months, as 

indicated by the study's findings on seasonal water balance components in the Chennai 

Basin. The winter water availability may increase due to the increasing temperature, 

such as shifting peak river runoff to winter and spring, impacting water supply in the 

region (Barnett et al., 2005). In January and April, the future water availability is 

projected to increase more between 2060-2080 under the RCP8.5 scenario. For 

February and October, the increase is expected to occur between 2021-2038 under the 

RCP4.5 and RCP8.5 scenario. In March, the increase is projected to happen between 

2039-2059 under the RCP4.5 scenario. In August, the increase is projected to happen 
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between 2081- 2100 under the RCP8.5 scenario. In the time frame of May and June 

2018-2038 under the RCP4.5 scenario, the water availability was closely comparable 

to its present value. The projected monthly water availability in the future was greater 

under the RCP8.5 scenario compared to the RCP4.5 scenario. This could be attributed 

to the narrative of RCP8.5 (a scenario with extremely high emissions), as supported 

by a study conducted by Serur and Sarma (2017). In their study, they reported that the 

variation of rainfall and temperatures (maximum and minimum) was higher for the 

very high emission scenario (RCP8.5) than the intermediate emission scenario  

(RCP4.5), and the future trend line for both the scenarios has indicated a slight increase 

of both temperatures as well as rainfall for the 12 stations until the year 2100 in Weyib 

river basin, Ethiopia. In both RCP4.5 and RCP8.5 scenarios, the future water 

availability in July exhibited a notable decline compared to the current water 

availability. The result also revealed that from May to July, which is the main rainy 

season, less water availability would be experienced in the future periods under both 

scenarios. This changing pattern would affect agricultural production in the study area, 

where 70% of the population in the region depends on agriculture for livelihood. A 

similar finding published in the Eastern Mirror (2024) reported that insufficient 

monsoons are expected in the future, which would drastically affect crop production 

in the Northeastern region due to the impact of climate change. The increasing 

temperatures and shifting rainfall patterns would frequently lead to reduced crop 

production as a consequence of water scarcity caused by droughts, heat waves, and 

floods. The effect of climate change resulting in increasing temperature poses a 

significant threat to agricultural production and farmers' financial stability, leading to 

a decrease in their motivation to engage in agriculture (Javansalehi and Shourian, 

2024). 
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Fig 4.28 Water availability (2003-2020) and future prediction from 2021-2038, 

2039-2059, 2060-2080, and 2081-2100 under RCP4.5 and RCP8.5 scenarios in the 

study area 
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4.3 Identification and recommendation of an acceptable climate change 

adaptation strategy to address water shortage or excess in the near future 

Agriculture is the primary means of livelihood in the study area; therefore, the 

farmers may face challenges if there is insufficient water supply at the appropriate 

period for crop cultivation. Under the prevailing agricultural practices, the cropping 

intensities are 113.6 and 112.35 percent in the Dimapur and Kohima districts, 

respectively (ICAR, CRIDA). In the previous sections, it has been highlighted that the 

presence of water fluctuates in both spatial and temporal dimensions across different 

future scenarios. Consequently, cropping intensity can be enhanced by effectively 

utilizing surplus water during periods of peak water availability. This fluctuation could 

also impact water availability during crucial periods for specific crops. Therefore, to 

accomplish the third objective, the cropped area was analyzed to determine the major 

crops grown in the study area.  

For this purpose, cropped areas were analyzed to identify the major crops in 

the study area. The details of all the major crops and their cultivated areas in the study 

region for the year 2022-2023 are shown in Table 4.10. It shows that rice and maize 

are the major crops in the study area. Water availability for the major crops at critical 

times is essential; therefore, to identify water shortages or excess, it was necessary to 

determine the actual crop water requirements in the study area and then compare the 

water availability with the actual requirement.  

Table 4.10 Area (ha) under different major crops in the study area (2022-23) 

CROP DIMAPUR KOHIMA 

Rice 6136 12135 

Maize 622 1833 

Beans 135 332 

Potato 156 805 

Sugarcane 100 35 

Soyabean 228 264 

Source: Department of Agriculture, Govt. of Nagaland 
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Table 4.11 shows the cropping calendar of the major crops covering the study 

area. The crop calendar assists growers and agriculture extension specialists 

worldwide in making appropriate recommendations on crop varieties and sowing dates 

based on agroecological zones. It also provides a solid foundation for alternative or 

contingency planning of the reintegration of agricultural systems after disasters 

(Banerjee et al., 2021). The cropping calendar illustrates that sowing occurs mostly 

from January to July, with March and April being the most productive months for 

various crops. The harvesting season is more spread out, lasting from May to 

December, with no harvesting between January and April. 

Table 4.11 Cropping calendar of the major crops showing the sowing and 

harvesting period in the study area 

MAJOR 

CROPS 

JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DEC 

RICE             

MAIZE             

BEANS             

POTATO             

SUGARCANE             

SOYABEAN             

   Sowing          Harvest 

Soil Characteristics of Kohima and Dimapur districts 

According to the SLUSI (2020), about 78% of the land in Kohima district is 

deep to very deep.  They are mostly loamy to clayey in texture, formed on the steep 

hill slopes in wet conditions, and have a moderate to high amount of organic matter.  

The ICAR-CRIDA (2021) contingency plan also talks about the loamy (≈57%) and 

clayey (≈43%) soils, which are often called the sandy-loam deep soils and come from 

weathered sandstone and shale.  These fine-textured profiles help hold water, but they 

are more likely to wash away and erode on sloping land, which affects how the 

catchments respond to water. 
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  On the other hand, Dimapur district is in the alluvial plains and has soils that 

are moderately shallow (60–75 cm), moderately deep (75–100 cm), and deep (> 100 

cm) with coarse-loamy to fine-loamy particle size classes (ICAR-CRIDA, 2021).  The 

SLUSI (2020) inventory shows that about 54.6% of the district is made up of very deep 

soils and about 38% is made up of deep soils. This means that there are a lot of 

depositional plains with a lot of water that can soak in.  Field and laboratory analyses 

further indicate that loamy sand, sandy clay, and acidic red clay soils are the 

predominant textures (Pamei et al., 2022; CGWB, 2019).  These deep, fine-textured 

soils help water move through them and recharge groundwater, but they may become 

waterlogged in low-lying areas during the months with the most rain. 

The pedological characteristics of the two districts are very different. For 

example, Kohima has fine-textured, deep hill soils, while Dimapur has deep alluvial 

soils. These differences have a direct effect on how water moves through the study 

area, how much water it can hold, and how much it can hold. 

4.3.1 Analysis of Reference Evapotranspiration (Eto) 

The prediction of the crop water requirement is of vital importance in water 

resources management. The evapotranspiration rate (ET) in mm day-1 or m period-1 

normally expresses crop water requirements. The level of ET is related to the 

evaporative demand of the air. The evaporative demand can be expressed as the 

reference evapotranspiration (ETo), which, when calculated, predicts the climate's 

effect on the crop evapotranspiration level. The effect of the weather variable on the 

water demand of the crop can be analyzed by the Cropwat model output. 

Agrometeorological variables are one of the key inputs required for the functioning of 

the crop simulation models. These include the maximum and minimum temperature, 

air humidity, wind speed sunshine hours, solar radiation, and total rainfall. Out of these 

temperature and rainfall have a direct impact on crop production (Bayatvarkeshi et al., 

2020; Zhao et al., 2020). In Table 4.12, the reference crop evapotranspiration in 

Kohima shows the highest (3.4 mm/day) and lowest value (1.5 mm/day) in the month 

of June and December, respectively, whereas in Dimapur the ETo was the highest (3.9 

mm/day) in May and lowest value (1.5 mm/day) in December. The rising temperature 
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in that particular period can explain the increase in ETo from April to September in the 

study area. A similar study by Drema et al. (2024) found that the Eto showed a 

significant decrease in the winter season in the districts of Arunachal Pradesh, India. 

They also found that a significantly decreasing seasonal Eto trend was found mainly 

in monsoon and pre-monsoon seasons in all districts. Consistent with our findings, a 

study by Jhajharia et al. (2012) indicated that the ETo attains its peak in summer and 

then declines progressively across the sites of North East India. Liu et al. (2010) 

observed ETo rises in the upper, middle, and entire Yellow River basin, China. 

Bandyopadhyay et al. (2009) found declining trends in ETo throughout India, which 

was primarily caused by a major increase in relative humidity and a constant 

significant decrease in wind speed across the country. 

Table 4.12 Average ETo for the period 2003-2020 

STATIONS ETo in mm/day 

 Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

Kohima 1.6 2.0 2.8 2.9 3.3 3.4 3.3 3.1 2.9 2.5 2.0 1.5 

Dimapur 2.0 2.5 3.4 3.4 3.9 3.8 3.7 3.2 3.2 3.0 2.6 1.8 

 

4.3.2 Crop water requirement for the major crops  

The crop water requirement of the major crops such as rice, maize, potato, 

soyabean, sugarcane, and dry beans for the period 2003-2020 has been analysed. The 

results are discussed below. 

The daily crop water requirement of rice in Kohima and Dimapur is shown in 

Fig 4.29. The crop water requirement for rice varies during the crop growing season 

due to variations in reference evapotranspiration. The crop water requirement for rice 

was initially low due to the low crop coefficient. Still, it increased sharply till the 2nd 

week of May in Kohima and the 3rd week of May in Dimapur. Then it decreased after 

the 3rd week of June, due to the low crop coefficient. The maximum daily water 

requirement of rice was nearly 3.8 mm/day and 4.3 mm/day for Kohima and Dimapur 

respectively. The total crop water requirement for rice was 510.8 mm and 659.6 mm 
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for Kohima and Dimapur, respectively. A similar study conducted by Patle and 

Panggeng (2024) found that the total water requirement for rice was 537.1 mm in 

Kohima district, Nagaland. Another study conducted by Kumar et al. (2024) found that 

the crop water requirement of rice varied from 482.5 mm to 592.4 mm in different 

agroclimatic zones of Jharkhand, India. Also, a study by Aryal (2013) reported that the 

total crop water requirement of rice was 711.45 mm from June to September conducted 

in Kathmandu, Nepal. Similarly, Chandra and Kumari (2021) found that the crop water 

requirement of rice in Kharif was 616.4 mm for the Pusa region of Samastipur district, 

Bihar.  

 

Fig 4.29 Trend of crop water requirement of rice 

The daily crop water requirement of maize in Kohima and Dimapur is shown 

in Fig 4.30. The crop water requirement for maize varies during the crop growing 

season due to variations in reference evapotranspiration. Initially, the crop water 

requirement for maize was low due to the low crop coefficient. Still, it increased 

sharply till the 3rd week of May. Then it decreased after the 2nd week of July due to 

low crop coefficient. The maximum daily water requirement of maize was nearly 3.3 

mm/day and 3.8 mm/day for Kohima and Dimapur respectively. The total crop water 

requirement for maize was 270.5 mm and 335.1 mm for Kohima and Dimapur, 

respectively. A similar finding by Shankar et al. (2012) reported that the average daily 

crop water requirement was 2.5 mm/day and the total crop water requirement was 
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495.2 mm for maize in a semi-arid region of India. In their study, the crop maize was 

sown in May and harvested in September. Similar results were reported by Roja et al. 

(2020) in the North coastal districts of Andra Pradesh where the maximum daily water 

requirement was 3.2 mm/day and total crop water requirement for maize was 238.6 

mm.  

 

Fig. 4.30 Trend of crop water requirement of maize 

The daily crop water requirement of beans in Kohima and Dimapur is shown 

in Fig 4.31. The crop water requirement for beans varies during the crop growing 

season due to variations in reference evapotranspiration. The crop water requirement 

for beans was initially low due to the low crop coefficient. Still, it increased sharply 

till the first week of June. Then it decreased after the first week of July due to the low 

crop coefficient. The maximum daily water requirement of beans was nearly 3.3 

mm/day and 4.1 mm/day for Kohima and Dimapur respectively. The total crop water 

requirement for beans was 270.5 mm and 335.1 mm for Kohima and Dimapur, 

respectively. A similar finding by Patle and Panggeng (2024) found that the total crop 

water requirement for beans was 288.1 mm in Kohima district, Nagaland. Also, a study 

by Gabr (2023) found the crop water requirement for beans was 281.1 mm which was 

grown in July in Upper Egypt.    
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Fig. 4.31 Trend of crop water requirement of beans 

The daily crop water requirement of potato in Kohima and Dimapur is shown 

in Fig 4.32. The crop water requirement for potato varies during the crop growing 

season due to variations in reference evapotranspiration. Initially, the crop water 

requirement for potato was low due to the low crop coefficient. Still, it increased 

sharply till the first week of June. Then it decreased after the first week of July due to 

the low crop coefficient. The maximum daily water requirement of potato was nearly 

3.6 mm/day and 4.2 mm/day for Kohima and Dimapur respectively. The total crop 

water requirement for potato was 339.6 mm and 403.1 mm for Kohima and Dimapur, 

respectively. A similar finding by Gautam et al. (2019) found that the maximum crop 

water requirement of potato was 3.1 mm/day during the summer season in Madhya 

Pradesh. Also, a study by Panme et al. (2023) reported that the total crop water 

requirement for potato was 260.6 mm in the North-Eastern Region, of India.  
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Fig. 4.32 Trend of crop water requirement of potato 

The daily crop water requirement of sugarcane in Kohima and Dimapur is 

shown in Fig 4.33. The crop water requirement for sugarcane varies during the crop 

growing season due to variations in evapotranspiration. The crop water requirement 

for beans was initially low due to the low crop coefficient. Still, it increased sharply 

till the 3rd week of August in Kohima and the 2nd week of October in Dimapur. Then 

it decreased after the 3rd week of October in Kohima and the 2nd week of February in 

Dimapur, due to the low crop coefficient. The maximum daily water requirement of 

sugarcane was nearly 2.8 mm/day and 3.7 mm/day for Kohima and Dimapur 

respectively. The total crop water requirement for sugarcane was 534.3 mm and 1032.4 

mm for Kohima and Dimapur, respectively. A similar finding by Gade and Khedkar 

(2023) found the crop water requirement for sugarcane was 1386.1 mm in the semi-

arid region.  
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Fig. 4.33 Trend of crop water requirement of sugarcane 

The daily crop water requirement of soyabean in Kohima and Dimapur is 

shown in Fig 4.34. The crop water requirement for soyabean varies during the crop 

growing season due to variations in reference evapotranspiration. The crop water 

requirement for soyabean was initially low due to the low crop coefficient. Still, it 

increased sharply till the first week of June. Then it decreased after the first week of 

July due to low crop coefficient. The maximum daily water requirement of soyabean 

was nearly 3.7 mm/day and 5.5 mm/day for Kohima and Dimapur respectively. The 

total crop water requirement for maize was 232.6 mm and 564.2 mm for Kohima and 

Dimapur, respectively. A similar finding by Patle and Panggeng (2024) found the crop 

water requirement for soyabean was 292.2 mm in Kohima district, Nagaland. Also, 

Phad et al. (2024) reported a similar result of crop water requirement for soyabean was 

457.8 mm in the Marathwada region, India. 
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Fig. 4.34 Trend of crop water requirement of soyabean 

Table 4.13 shows the comparison between the present water availability and 

crop water requirement of the different crops in Kohima district. The results revealed 

that the water availability starts at 20.43 mm in January, increasing to 33.78 mm in 

February and 58.59 mm in March. The crop water requirement for rice in March 

requires 35.8 mm, potato requires 45.9 mm, and soyabean requires 13.6 mm. The water 

availability in April was 115.48 mm, whereas the crop water requirement for rice was 

high with a value of 110.4 mm, while the other crops such as maize, beans, potato, and 

soyabean have moderate to high crop water requirements with a value of 34.7, 45, 91.9 

and 85.3 mm respectively. In May, the water availability rises to 230.61 mm and the 

crop water requirements for rice, maize, beans, potato, soyabean and sugarcane have 

moderate to low water requirements with values of 109.9, 85.9, 93.7, 108, 108.1, and 

58.5 mm respectively. In June, the water availability peaks at 271.68 mm, and the crop 

water requirement for rice, maize, beans, potato, sugarcane, and soyabean have 

moderate to low requirements with values of 90.3, 89, 88.8, 79.7, 77.5, and 25.7 mm 

respectively. In July, the water availability shows the highest at 354.38 mm and the 

crop water requirement for rice, maize, beans, potato, and sugarcane have lower to 

moderate water requirements with 81, 58.1, 30.9, 13.9, and 83.8 mm respectively. In 

August, the water availability was 274.62 mm and the crop water requirement for rice, 

maize, and sugarcane have low to moderate water requirements with values of 80.8, 
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2.8, and 87.8 mm respectively. In September, the water availability drops to 205.04 

mm and the crop water requirement for maize and sugarcane have low to moderate 

water requirements with values of 2.5 and 60.3 mm respectively. From October to 

December, the water availability decreases significantly from 105.55 mm in October 

to 28.31 mm in November and 18.52 mm in December. The crop water requirement 

for sugarcane required 65.4 mm in October and 43.1 mm in November; soyabean 

required 1.1 mm in December. From May to August, which is usually the rainy 

period/season, the water availability exceeds the crop water requirements, indicating a 

surplus period. From April to September, where most of the crop needs are comfortably 

met. In January, February, October, November, and December, the availability of water 

may not fully meet the demands of crops like sugarcane.    

Table 4.13 Present water availability and crop water requirement of the major 

crops in Kohima district 

Month Present 

water 

availability, 

mm 

Rice, 

mm 

Maize

, mm 

Beans

, mm 

Potato, 

mm 

Sugarcane, 

mm 

Soyabean, 

mm 

Jan 20.43 - - - - - - 

Feb 33.78 - - - - - - 

Mar 58.59 35.8 - - 45.9 - 13.6 

Apr 115.48 110.4 34.7 45 91.9 40.7 85.3 

May 230.61 109.9 85.9 93.7 108 58.5 108.1 

Jun 271.68 90.3 89 88.8 79.7 77.5 25.7 

Jul 354.38 81 58.1 30.9 13.9 83.8 - 

Aug 274.62 80.8 2.8 - - 87.9 - 

Sep 205.04 2.5 - - - 60.3 - 

Oct 105.55 - - - - 65.4 - 

Nov 28.31 - - - - 43.1 - 

Dec 18.519 - - - - 1.1 - 
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Table 4.14 shows the comparison between the present water availability and 

crop water requirement of the different crops in the Dimapur district. The results 

revealed that the water availability starts at 20.43 mm in January and increases to 58.59 

mm by March. The crop water requirement for maize, potato, and soyabean required 

15, 48.3, and 105.2 mm, respectively in March. There was sufficient water for maize 

and potato but the water was not adequate to meet the high soyabean requirement. In 

April, the water availability was 115.48 mm and the crop water requirement for rice 

was 122.2 mm, nearly matching the water available. The other crops such as maize, 

beans, potato, and soyabean also have water requirements with values of 33.5, 50.7, 

98, and 141.8 mm respectively, whereas for soyabean and rice, water was found to be 

insufficient. In May, the water availability rises to 230.61 mm and the crop water 

requirement for rice, maize, beans, and potato have moderate water requirements with 

values of 130.7, 95.5, 111.3, and 124.8 mm, respectively. In June, the water availability 

peaked at 271.68 mm, and the crop water requirement for rice, maize, beans, and potato 

required 112.9, 110.9, 110.9, and 101.9 mm, respectively. In June, the water 

availability was highest at 354.38 mm, and the crop water requirement for rice, maize, 

beans, and potato was 113.1,87.4,43.2, and 27 mm, respectively. In August, the water 

availability was 274.62 mm, and the crop water requirement for rice, maize, and beans 

have minimal to high water requirements with values of 108.7, 8.1, and 111.2 mm, 

respectively. In September, the water availability dropped to 205.04 mm, and the crop 

water requirement for sugarcane was 105.4 mm. In October, the water availability 

continues to decrease with 105.55 mm in October, 28.31 mm in November, and 18.52 

mm in December. The crop water requirement for sugarcane in October and November 

was 95.7 and 65.6 mm, respectively. The crop water requirement for soyabean was 

41.2 mm in December, showing a deficit in water availability. From May to August, 

the water availability comfortably meets or exceeds crop requirements. From April to 

September, it provides enough water for most crops, with minor deficits for high-

demand crops like soybean in April. From January to March and October to December, 

the water availability is often insufficient to meet crop demands, especially in 

November and December for crops like sugarcane and soybean. 
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Table 4.14 Present water availability and crop water requirement of the major 

crops in Dimapur district 

Month Present 

water 

availability, 

mm 

Rice, 

mm 

Maize

, mm 

Beans, 

mm 

Potato, 

mm 

Sugarcane, 

mm 

Soyabean, 

mm 

Jan 20.43 - - - - - - 

Feb 33.78 - - - - - - 

Mar 58.59 15 - - 48.3 - 105.2 

Apr 115.48 122.2 33.5 50.7 98 4.7 141.8 

May 230.61 130.7 95.5 111.3 127.8 48 169.5 

Jun 271.68 112.9 110.9 110.9 101.9 64.6 122 

Jul 354.38 113.1 87.4 43.2 27 35.9 25.5 

Aug 274.62 108.7 8.1 - - 111.2 - 

Sep 205.04 56.9 - - - 105.4 - 

Oct 105.55 - - - - 95.7 - 

Nov 28.31 - - - - 65.6 - 

Dec 18.519 - - - - 41.2 - 

 

In a similar finding by Krishnaiah and Rongsenchiba (2017) found that the wet 

period, characterized by sufficient water availability, varies between 151 to 181 days 

in districts such as Dimapur and Kohima. This aligns with the observed surplus water 

availability from May to August in both districts, as indicated in Tables 4.11 and 4.12. 

The District Irrigation Plan for Dimapur highlights the importance of aligning 

irrigation strategies with available water resources and crop water requirements. It 

emphasizes the need for efficient water management during periods of surplus and 

deficit, supporting the observed trends of water availability exceeding crop 

requirements during the monsoon season and falling short during the dry months 

(PMKSY, Department of Irrigation and Flood Control, Nagaland). The Central Ground 

Water Board North Eastern Region (2022) reports on the seasonal variation in 

groundwater availability and its implications for irrigation. The findings support the 
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observed patterns of water availability and crop water requirements, particularly the 

deficits during the dry months and the need for sustainable groundwater management. 

An article in the Morung Express (2017) reported the water requirements of key crops 

grown in Nagaland, such as rice, maize, and potato. It highlighted the critical stages of 

water demand for these crops and the importance of timely water availability to 

prevent yield loss. This information corroborates the crop water requirements detailed 

in Tables 4.13 and 4.14, emphasizing the need for adequate water supply during 

specific growth stages. 

In water-scarce periods, a critical water supply deficit occurs for crops such as 

sugarcane and soybean from January to March and October to December. During 

March, Dimapur suffers from a serious failure in the water supply for soybean, and 

during November and December, for sugarcane. This indicates that these crops face 

stress unless supplemental irrigation systems are provided. Given the surplus water 

availability during the peak periods, cropping intensities could be increased by using 

that additional water to support more crops or expand existing cultivated areas during 

these months. Effective water management strategies would include scheduling and 

possibly storing water during surplus periods so that shortages in dry months could be 

offset. Several studies have highlighted the crop and water management strategies for 

sugarcane and soyabean in the Northeast region, India particularly in regions with 

challenging topographies like Nagaland (Ray et al., 2015; Ray et al., 2017; Jamir et 

al., 2023; Bhutia et al., 2024). The water availability in the Dimapur and Kohima 

districts is adequately matched with the crop requirements during the monsoon period 

but poses challenges during the dry periods. To ensure the sustainability of agriculture 

productivity and increase cropping intensities, adaptive strategies need to be 

undertaken that include advanced water management techniques and supplementary 

irrigation during critical periods. Enhancing the agricultural resilience to climate 

variability is likely by better-aligning crop water requirements with existing water 

resources, thereby assisting in fulfilling the subsistence requirements of the local 

farming community. The following recommendations have been given for both the 

districts in the study area. 

Kohima District:  
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1. Develop new water sources:  

Explore options like building more wells to tap into groundwater and 

constructing reservoirs to store water, especially during rainy seasons.  

2. Recycle and reuse water:  

Build new wastewater-treatment plants to recycle and reuse wastewater, which 

can then be used for non-potable purposes.  

3. Invest in better storage:  

Improve water storage infrastructure, including tanks and other systems, to 

hold water for future use and manage seasonal availability.  

4. Rainwater harvesting and traditional systems: Rooftop rainwater harvesting, 

micro-catchments, and revival of indigenous Ruza/Zabo systems, historically 

practiced in Nagaland, should be expanded to improve water storage and 

reduce erosion. Many a times research advocates the rainwater harvesting and 

traditional systems to tackle present water scarcity situation in Kohima (Sarkar, 

2017 and Mongabay, 2023). 

5. Soil and water conservation: Contour bunding, terracing, agroforestry, and 

vegetative hedges can mitigate runoff and conserve soil moisture, aligning with 

recommendations for hill agro-ecosystems in Northeast India (Sati, 2013). 

6. Crop diversification and horticulture: Given its cooler climate and relatively 

higher water availability, diversification toward high-value horticultural crops 

such as vegetables, fruits, and spices under drip or sprinkler irrigation can 

optimize water use efficiency (Rodriguez et al., 2017). 

7. Community-managed water sources: Watershed development and spring 

rejuvenation through community-led approaches can secure perennial water 

sources critical for hill villages (FAO, 2017). 

Dimapur district:  

1. Government authority may renovate and protect the traditional water bodies 

and tanks to improve storage capacity and recharge groundwater.  Further, 

implement strict rules on the amount of groundwater that can be extracted to 
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help replenish aquifers. In the past, water was found at 30–40 feet, but now 

residents must dig much deeper, which indicates severe groundwater depletion. 

Similar recommendations were made in regard to groundwater recharge and 

regulation by Behera et al., 2024; Jain et al., 2024; and Monir et al., 2024, in 

their study. 

2. Restore water bodies: Dimapur can renovate and protect its traditional water 

bodies and tanks to improve storage capacity and recharge groundwater. 

3. Wastewater treatment: Establishing a wastewater treatment plant could create 

a new, usable water source for non-potable needs, like watering parks and 

gardens. 

4. Dam and reservoir construction: Building reservoirs could collect and store 

water during the rainy season for use during dry spells. 

5. Involve communities in water management: Establishing water user 

associations can help citizens cooperatively manage and share water resources, 

leading to more sustainable outcomes.  

6. Implementation of traditional techniques: The indigenous "Zabo" farming 

system, which combines forestry and agriculture with water conservation, can 

be adapted to city environments. The centuries-old bamboo drip irrigation 

method also provides a sustainable model. Rodriguez et al. (2017) reported that 

drip and sprinkler irrigation in paddy and vegetable cultivation can save water 

and sustain yields under water-scarce conditions. 

4.4 Assessment of mechanization index and recommendation of suitable 

agricultural implements under less water availability situation 

Mechanization plays an essential role in agriculture as it increases crop 

productivity, reduces cultivation costs, and increases overall farming efficiency. As the 

world population grows, food demand increases, and agricultural land decreases. At 

this juncture, the use of appropriate agricultural machinery is the solution left to 

address the challenge of increasing the production of crops and the productivity of 

labor in limited agricultural land. These machineries are grouped based on the type of 

agricultural operation. Some of the implements are light in weight and can be used in 

dryland situations. Therefore, before the recommendation of agricultural implements, 



147 
 

the mechanization scenario in the study area was examined in two stages: 1) field 

survey and 2) analysis of primary data using the mechanization index approach.  

The field survey was conducted with 101 respondents interviewed within the 

study area for the collection of data. General information collected from respondents 

in the study area can be seen in Table 4.15. The dataset encompasses various 

measurements, including the total land area, the area designated for cultivation, the 

area benefiting from irrigation, the area dependent on rainfall, the categorization of 

farmers according to their land holdings, the count of agricultural laborers, and the 

quantities of tube wells, tractors, electric motor pumps, diesel engines, power tillers, 

brush cutters, as well as the daily provision of electricity.  

Table 4.15 Geographical and general information about the study area 

 

 

 

 

 

 

 

 

    

 

 

 

Source: Compiled by scholar 

From the field survey, it was revealed that the average gross area evaluated was 

119.5 hectares, whereas the cumulative cultivated area was noted at 59.81 hectares. 

Particulars Kohima Dimapur 

Gross area, ha 146.3 92.7 

Cultivated area, ha 58.42 61.2 

Net irrigated area, ha 7.52 14.44 

Rainfed area, ha 5.24 46.8 

No. of cultivators 

-Below 2 ha 

-2 to 4 ha 

-above 4 ha 

 

12 

25 

9 

 

16 

30 

9 

No. of Agril workers 40 51 

No. of tubewells 33 48 

No. of tractors 

-Below 35 hp 

 

3 

 

6 

No. of electric motor 

pump 

16 25 

No. of diesel engine 3 5 

No. of power tiller 29 40 

No. of brush cutter 16 10 

Electricity 

availability, hr/day 

11 15 
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Furthermore, the personal interview showed that agricultural machinery, such as 

tractors, power tillers, and brush cutters, has been distributed by the State to a majority 

of the respondents, revealing that the majority of respondents in Kohima (60.4%) and 

Dimapur (71.4%) primarily used power tillers. In contrast, tractor usage was 

significantly lower, with only 6.3% in Kohima and 10.7% in Dimapur. Similarly, brush 

cutters were used by 33.3% of respondents in Kohima and 10.7% in Dimapur. Based 

on the information collected through the survey, the cost of cultivation of crops is 

assessed and outlined under the following sub-headings. 

4.4.1 Cost of cultivation of crops  

For the analysis of the mechanization index in the study area, six major crops 

were selected. The cost of cultivation of the major crops is shown in Table 4.16. The 

results show that the production values of jhum paddy, maize, chili, potato, and 

soybean were 51000 ₹/ha, 115200 ₹/ha, 74880 ₹/ha, 240000 ₹/ha, and 57600 ₹/ha, 

respectively, in Kohima. In Dimapur, the production value of the wetland paddy, 

maize, chili, potato, and soyabean were 71400 ₹/ha, 151488 ₹/ha, 496392 ₹/ha, 480000 

₹/ha, and 55000 ₹/ha. The highest gross profit for Kohima was shown in potato 

cultivation (218000 ₹/ha) with a benefit-cost ratio (BCR) of 9.9, whereas in Dimapur, 

the highest gross profit was shown in chili cultivation (475252 ₹/ha) with a BCR of 

22.5. In contrast, the lowest gross profit was found in paddy production in both districts 

as 17000₹/ha and 374000₹/ha in Kohima and Dimapur, respectively.  

Table 4.16 Cost of cultivation and mechanization index of the major crops 

District Major crops 

Total 

production 

value, 

(₹/ha) 

Productivity, 

(₹/kg) 

Gross 

Profit, 

(₹/ha) 

BCR 
MI, 

% 

Kohima Jhum Paddy 51000 11.33 17000 0.5 1.8 

Maize 115200 50.73 81170 2.4 1.9 

Chilli 74880 55.98 53740 2.5 2.8 

Potato 240000 27.25 218000 9.9 2.8 

Soyabean 57600 29.58 35500 1.6 2.7 



149 
 

Dimapur Wetland 

Paddy 

71400 17.81 37400 1.1 2.7 

Maize 151488 53.83 117458 3.5 2.9 

Chilli 496392 74.68 475252 22.5 4.2 

Potato 480000 28.63 458000 20.8 4.2 

Soyabean 55000 27.42 32900 1.5 4.1 

Source: Compiled by scholar 

4.4.2 Assessment of mechanization index  

The mechanization index was assessed using the mathematical interpretation 

explained in section 3.6.4. Table 4.16 shows the cost of cultivation and mechanization 

index (MI) for the major crops. The results revealed the highest MI in chilli and potato 

in both the districts, Kohima (2.8%) and Dimapur (4.2%).  

The primary determinants contributing to the lower mechanization index 

identified in the study area were a lack of understanding of farm machinery and 

implement usage, reduced annual income of farmers, and the presence of marginal 

farmers who cannot acquire costly machinery and implements.  

4.4.3 Recommendation of agriculture implements 

Given all the findings above, a list of tools and implements has been 

recommended to be used in water scarcity situations, as shown in Tables 4.17 and 

4.18. The recommended agricultural implements would be feasible in hilly as well as 

plain regions, and when there is less water available. At the National level, research 

institutions, with the help of some manufacturing industries, are developing such tools, 

implements, and types of machinery are being developed. Topographically condition-

wise, these implements and types of machinery are recommended for the state 

government and end users to be used as per their requirement. 

Table 4.17 List of tools and implements recommended to be used in the hilly 

region 

Field 

Operation 

Existing tools 

and implements 

Recommended 

tools and 

implements 

Technical specification 

(L x B x H), mm 

Field 

capacity, 

ha/hr 
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Tillage 

Naga Dao (large 

knife), Vekhuro 

(sickle), Spade, 

Power tiller (10-

15 hp), Choktchu 

(small spade), 

Hand fork 

 

Power tiller 

(3hp) 
600 x 80-150 0.11 

Melur plough - 0.008 

Bose plough - 0.016 

Adjustable row 

marker 
- 0.1-0.2 

Sowing 

and 

Planting 

Manual sowing, 

Khurpi 

Manually 

operated seed 

drill 

2000 x 1040 x 700 0.50 

Seed treating 

drum 
0.90 x 0.70 x 0.40 0.015 

Weeding 

and 

Hoeing 

Ehe (hand 

weeder), Hand 

hoe, Hand fork, 

Kheya (Bamboo 

and wooden) 

Hand rake 350 0.005 

Wheel hand hoe 1400 x 450 x 800 
0.03-

0.05 

Cono-weeder 2140 x 500 x 1070 0.18 

Battery operated 

portable wetland 

weeder 

1200 x 500 x 1000 0.2-0.3 

Plant 

protection 

Ehe (hand 

weeder), Hand 

fork, Manual 

hand sprayer 

Battery operated 

low volume 

sprayer 

380 x 250 x 725 1.5 

Knapsack 

sprayer 
- 0.04 

Foot 

compression 

operated sprayer 

- 0.2 

Kholo (wooden 

stick), Vekhuro 

Pedal-operated 

paddy thresher 
900 x 585 x 760 mm 0.07 
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Harvesting 

and 

Threshing 

(sickle), Naga 

dao-Lepok 

Self-propelled 

vertical conveyor 

reaper 

2200 x 950 x 1100 0.125 

Pedal-operated 

tubular maize 

sheller 

980 x 490 x 650 0.19 

 

Table 4.18 List of tools and implements recommended to be used in the plain 

region 

Operation 
Existing 

tools/implements 

Recommended 

tools/implements 

Technical specification 

(L x B x H), mm 

Field 

capacity, 

ha/hr 

Tillage 

Naga Dao (large 

knife), Vekhuro 

(sickle), Spade, 

Power tiller (10-

15 hp), Choktchu 

(small spade), 

Hand fork 

 

Power tiller 

operated slasher 

cum insitu 

shedder 

- 0.033 

Improved iron 

plough 
3500 x 250 x 900 0.021 

Drill plough - 
0.03-

0.04 

Sowing 

and 

Planting 

Manual sowing, 

Khurpi, Spade, 

Hand fork 

Bullock-drawn 

seed planter 
2000 x 1040 x 700 0.50 

Broadcaster 0.90 x 0.70 x 0.40 0.015 

Birsa animal-

drawn seed drill 
850 x 440 x 170 0.002 

Gorru 1080 x 1180 x 925 0.04 

Weeding 

and 

Hoeing 

Ehe (hand 

weeder), Hand 

hoe, Hand fork, 

Manual weeder - 0.02 

Bullock drawn 

weeder 
- 

0.03-

0.04 
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 Kheya (Bamboo 

and wooden) 

TNAU improved 

dryland weeder 
1100x650x1050 0.002 

Power rotary 

weeder 
2400 x 1750 x 1100 

0.04-

0.05 

Plant 

protection 

Ehe (hand 

weeder), Hand 

fork, Manual 

hand sprayer 

Areca sprayer 600 x 600 x 1500 - 

Footwear 

operated sprayer 
- 0.2 

Harvesting 

and 

Threshing 

Kholo (wooden 

stick), Vekhuro 

(sickle), Naga 

dao-Lepok 

Paddy reaper 

harvester 
2200 x 850 x 1170 0.04 

Maize husk cum 

sheller 
3000 x 710 x 1450 - 

Hand cum Pedal 

Operated Chaff 

Cutter 

920 x 540 x 1225 0.19 
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SUMMARY AND CONCLUSIONS 

 

The present research was undertaken to evaluate the Agricultural 

Water Availability Index (IAWA) and its impact on climate change on a short 

and long-term basis in Kohima and Dimapur districts, Nagaland. The 

scarcity of water is a global issue affecting both developed and developing 

countries. With population growth, urbanization, and industrialization 

combined with climate change, water scarcity has become a significant 

concern. Conflicts over future water allocations have been reported in many 

countries. Climate change can impact water supply availability and short-

term uncertainty, leading to increased droughts and floods. The per capita 

availability of water has decreased due to spatial variation in rainfall. The 

northeastern states face increasing water scarcity due to inadequate water 

management, with farmers relying on the southwest monsoon for 

agricultural activities. To address this issue, a water availability index was 

developed, including factors such as quantity, quality, and accessibility, to 

provide a comprehensive picture of water availability for agriculture. 

The IAWA deals with the factors influencing water availability, 

including rainfall, soil moisture, groundwater, and runoff, and provides a 

detailed methodological framework for assessing these parameters. The 

daily rainfall data for 18 years (2003 to 2020) was collected from the 

Department of Soil and Water Conservation, Government of Nagaland, 

Kohima, and used for the calculation of all rainfall-related parameters. The 

raw data was analyzed data utilizing ArcGIS, SDSM, and CROPWAT 

software, emphasizing the temporal and spatial variation of water resources 

under different climate change scenarios. The MODIS (Moderate 

Resolution Imagery Spectroradiometer) data products of LST (Land 

Surface Temperature) and NDVI (Normalized Difference Vegetation 

Index) were used to estimate the spatial and temporal changes in soil 
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moisture status. The groundwater depth (2004-2019) and quality data 

(2020) were collected from the India WRIS (Water Resource Information 

System). The SCS curve number method (U.S. Soil Conservation Service, 

1986) was used in this study to estimate the surface runoff. Future 

projections of rainfall and temperature were made by statistical 

downscaling. Evaluation of the Mechanization Index was calculated based 

on a survey in the study area, and suitable agricultural implements were 

recommended for use in water crisis scenarios.  

By integrating various parameters, the Agricultural Water 

Availability Index (IAWA) was evaluated using data on rainfall, soil 

moisture, surface runoff, and groundwater depths. The index provides a 

holistic view of water availability, which is crucial for effective agricultural 

planning. The result revealed that in January and February, the average 

water availability was close to 10 mm, which was the lowest level 

compared to July, when the highest water availability was seen, peaking at 

about 380 mm. It illustrates a seasonal pattern of variation of rainfall in 

water availability, which increases sharply during monsoon and declines 

during the winter season. The rainfall interpolation showed that July 

received the highest rainfall (556.33 mm), on the contrary, December 

received the lowest rainfall (3.56 mm). Consequently, the soil moisture 

index indicated the depletion of over 50 percent moisture during the winter 

season. The study also revealed that the groundwater depth fluctuates, 

showing a clear trend of depletion during the dry season. The groundwater 

in the study area meets permissible quality standards for key parameters 

like pH, electrical conductivity, nitrate, and fluoride. While the surface 

runoff was assessed, the result showed the minimum surface runoff was in 

January (0.22 mm) and the maximum in July (385.18 mm).  

Climate change showed an impact on temporal and spatial variation 

of water availability. Climate change is a major concern in Nagaland, where 

70% of the population relies on climate-sensitive sectors like agriculture. 

The statistical downscaling model (SDSM) was used in this study. The 
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SDSM has a good simulation effect on rainfall with the coefficient of 

determination (R2) of 0.92 and 0.85 for Kohima and Dimapur, respectively. 

The R2 values for maximum and minimum temperature in Kohima station 

were determined to be 0.99 and 0.98, respectively. The R2 for the maximum 

temperature at Dimapur was found to be 0.92, while for the minimum 

temperature, it was 0.93. The RCP4.5 scenario in Kohima station predicted 

higher rainfall than RCP8.5 in 2021-2038, except in May, September, and 

October, while the future period in the year 2100 showed more rainfall in 

all months except July (299 mm), showing a decreasing trend. The RCP8.5 

scenario in Dimapur station projected higher rainfall than the RCP4.5 

scenario in all future periods except in March, September, and May. 

However, in May and June, rainfall was lower than historical observations, 

with fluctuating conditions in November.  

In Kohima station, the projected maximum and minimum 

temperatures were lower than the baseline period in January, February, 

March, and April under both RCP4.5 and RCP8.5 scenarios. In May, June, 

July, and August, the projected maximum temperatures were more or less 

equal to the baseline. The RCP8.5 scenario shows higher minimum 

temperatures compared to the RCP4.5. There is a consistent trend of 

temperature increase in all future periods, with temperatures expected to 

rise by around 2 to 3°C. In Dimapur station, the projected maximum 

temperatures under both scenarios are lower than the baseline period, 

except from July to September. In comparison, the projected minimum 

temperature under both RCP4.5 and RCP8.5 scenarios exceeded the 

baseline period. The year 2100 forecasts in Kohima and Dimapur stations, 

particularly under the RCP8.5 scenario, highlighted the highest warming 

potential. 

The present water availability in May, June, and July was higher in 

comparison to the future periods, with a notable upward trend in the winter 

months due to increasing temperatures and shifting peak river runoff. This 

indicated enhanced water security in the study area. The projected monthly 
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water availability was greater under the RCP8.5 scenario, attributed to the 

very high greenhouse gas emission scenario. Due to climate change, 

insufficient monsoons are expected in the future, affecting crop production 

in the Northeastern region. The increasing temperatures and shifting 

rainfall patterns could lead to reduced crop production due to water scarcity 

caused by droughts, heat waves, and floods. 

The reference crop evapotranspiration (Eto) in Kohima station 

showed the highest (3.4 mm/day) and lowest value (1.5 mm/day) in June 

and December, respectively, whereas in Dimapur station, the ETo was the 

highest (3.9 mm/day) in May and lowest value (1.5 mm/day) in December. 

From April to September, most of the crop water needs were comfortably 

met, whereas, in January, February, October, November, and December, 

the availability of water may not fully meet the demands of crops like 

sugarcane and soyabean. The water availability in the Dimapur and Kohima 

districts was adequately matched with the crop requirements during the 

monsoon period but posed challenges during the dry periods. The results of 

the Eto indicated that the farmers might experience difficulties in 

scheduling their planting and harvesting periods, which would negatively 

impact crop yields and food security. It emphasizes the need for integrated 

policies that consider the interconnectedness of the source of water and its 

sustainably managed use in light of climate change.  

Recommendations included the adoption of rainwater harvesting 

systems to capture and store excess rainfall. A crucial need for the 

construction of reservoirs and check dams to ensure water availability in 

surplus and scarcity periods to provide a steady supply for agricultural and 

domestic purposes. Policymakers are motivated to encourage sustainable 

practices like conservation agriculture, efficient water use technologies, 

and community-led water management initiatives that can improve 

resilience against water scarcity. This will provide better coordination of 

stakeholders, from farmers to government agencies and NGOs, in 

promoting sustainable water usage.  
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The economic analysis revealed that among the six major crops 

studied, chilli and potato cultivation provided the highest gross profit and 

benefit-cost ratio, making it the most economically viable option for 

farmers. In contrast, maize cultivation was found to be the least profitable, 

primarily due to lower market prices and higher production costs. This 

result indicated that farmers should consider shifting towards more 

profitable crops like chili and potato, especially in the context of fluctuating 

water availability, to enhance their income and sustainability. The study 

also showed a significant reliance on power tillers among farmers, 

indicating a trend toward increased mechanization in agricultural practices. 

This mechanization is crucial for improving efficiency and productivity, 

especially in water-scarce conditions. To increase productivity and lower 

labor intensity, it promotes the implementation of region-specific 

mechanization solutions, such as lightweight machinery appropriate for 

hilly terrains. 

Based on the results obtained, the following conclusions were chosen. 

i. The present research revealed that the present Agricultural Water 

Availability Index (IAWA) has significant seasonal variation, with 

the highest water levels found to occur in the monsoon months, 

especially peaking in July. In contrast, water availability decreases 

significantly throughout the winter months, with the lowest values 

observed in December. The Agricultural Water Availability Index 

(IAWA) examined various water sources, including rainfall, soil 

moisture, surface runoff, and groundwater, in evaluating overall 

water availability for agricultural purposes.   

ii. The overall amount of rainfall will be increased under both 

scenarios in the future, but at the same time, there will be more 

fluctuations in rainfall events as compared to the present-day 

scenario.  

iii. As a consequence of climate change, the extremes of water 
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availability would become more severe. Thus, the vulnerability of 

the agriculture sector to climate change will increase in the future. 

This can be well explained by the highest and lowest values of the 

water availability index in August and January, respectively.  

iv. The reliance on rainfall as the main source of water underlines the 

vulnerability of the agricultural sector to fluctuations in 

precipitation, which calls for improved management practices to 

ensure sufficient water allocation for crops, particularly for water-

intensive crops like rice, which constitutes a significant portion of 

the cultivated area.  

v. The study recommends adopting suitable climate change adaptation 

strategies and enhancing agricultural mechanization to manage 

water scarcity effectively.  

vi. The research will support policymakers and stakeholders in 

addressing the challenges of water scarcity and climate change 

impacts in Nagaland. 

Suggestions for future work: 

i. Improving Water Utilization Techniques: Conceiving and 

implementing ways to improve water resources that equate the 

needs of the crops to the water that is accessible. This could involve 

implementing drip irrigation systems, harvesting rainwater, and 

better drainage techniques. 

ii. Machine studies: Researching to come up with the best agricultural 

machines suited to address the needs of the region is in question. 

This considers the implementation of various agricultural tools and 

technologies to enhance productivity while reducing labor costs, 

particularly in water-scarce locations. 

iii. Responsible farming: Foster farming methods that are ecologically 

friendly, conserve soil, consume minimal water, and enhance the 
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resilience of the crops to factors posing a threat to them. It may 

include training farmers on the best practices to follow in farming 

and the use of appropriate farming methods in the established 

farming systems. 

iv. Crop Biochemical Engineering: Finding and advocating for plants 

that have higher resilience to droughts and environmental changes. 

This includes establishing a range of economically advantageous 

crops that adapt to different climates. 

v. Collaborative Learning: Motivating farmers to actively engage in 

water management projects and enlightening them on how to use 

new forms of irrigation and technologies that minimize water. A 

bottom-up strategy can enhance the success of water management 

techniques. 

vi. Policy Development: The creation of policies that integrate water 

resources with agricultural activities through the engagement of the 

farmers. This entails also lobbying for good infrastructure, such as 

water harvesting facilities for proper water resource utilization. 

vii. Monitoring and Evaluation: Creating mechanisms to follow up on 

the availability of water and agricultural outputs for evaluating the 

effectiveness of the strategies employed and shifting them when 

required. 
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APPENDIX – I 

Table 1: List of the 26 NCEP predictors 

Sl. No. Predictors Description of predictors 

1. Mslpgl Mean sea level pressure 

2. p1_fgl 1000 hPa Wind speed 

3. p1_ugl 1000 hPa Zonal velocity 

4. p1_vgl 1000 hPa Meridional velocity 

5. p1_zgl 1000 hPa Vorticity 

6. p1thgl 1000 hPa Divergence 

7. p1zhgl 500 hPa Wind speed 

8. p5_fgl 500 hPa Zonal velocity 

9. p5_ugl 500 hPa Meridional velocity 

10. p5_vgl 500 hPa Vorticity 

11. p5_zgl 500 hPa Geopotential height 

12. p500gl 500 hPa Wind direction 

13. p5thgl 500 hPa Divergence 

14. p5zhgl 850 hPa Wind speed 

15. p8_fgl 850 hPa Wind speed 

16. p8_ugl 850 hPa Zonal velocity 

17. p8_vgl 850 hPa Meridional velocity 

18. p8_zgl 850 hPa Vorticity 

19. p850gl 850 hPa Geopotential height 

20. p8thgl 850 hPa Wind direction 

21. p8zhgl 850 hPa Divergence 

22. Prcpgl Precipitation 

23. s500gl 500 hPa Specific humidity 

24. s850gl 850 hPa Specific humidity 

25. shumgl 1000 hPa Specific humidity 

26. Tempgl Screen (2 m) air temperature 
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APPENDIX – II 

Table I: Questionnaire for data collection to assess the mechanization 

Sl. No.  

1. Name of the farmer/owner 

2. Nature of appointment 

3. Gender 

4. Age 

5. Stature (cm) 

6. Weight (kg) 

7. Ethnic group 

8. Education qualification 

9. Annual income 

10. Working experience 

11. Hours of working per day and per week 

12. Working habit (right-handed or left-handed) 

13. Type of crops grown 

14. Type of implements and tool used 

15. Number of implements and tools owned/hired 

16. Owned/hired implements/machinery 

17. Price of the implements/tools 
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APPENDIX – III 

Table I: The FAO classification of wet, average wet and dry years (FAO, 2010) 

Probability of Exceedance (Percent) Type 

20 Wet year 

50 Normal or average wet year 

80 Dry year 

 

Table II: Selection of the average wet year (50 percent probability of exceedance)  

Year 
Mean annual 

rainfall 
Rank 

Probability of 

exceedance 

2003 1222.39 1 5.26 

2007 974.35 2 10.53 

2017 887.44 3 15.79 

2010 885.94 4 21.05 

2016 869.35 5 26.32 

2004 859.43 6 31.58 

2008 836.06 7 36.84 

2015 834.53 8 42.11 

2018 830.99 9 47.37 

2011 824.48 10 52.63 

2019 780.82 11 57.89 

2013 780.37 12 63.16 

2020 769.64 13 68.42 

2005 736.54 14 73.68 

2006 728.41 15 78.95 

2014 684.91 16 84.21 

2012 675.60 17 89.47 
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2009 610.01 18 94.74 

 

 

 

 

 

 

Fig I: The graphical representation of wet, average, and dry years 
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  Fig II: NDVI vs LST scatter plot 
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Fig III: NDVI vs LST scatter plot 
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APPENDIX – IV 

 

Fig I: Land use land cover map of the study area 
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Fig II: Soil cover map of the study area 
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Calculation for AMC-I and AMC-II: 

To get the Curve Number (CN) values for AMC-I and AMC-III, the correction 

factors were applied. The CN for AMC-I and AMC-III had been obtained by 

conversion of AMC-II (weighted CN) using the following formulae (Handbook of 

Hydrology, 1972): 

For AMC-1: 

𝐶𝑁𝐼 =
𝐶𝑁𝐼𝐼

2.281 − 0.01281𝐶𝑁𝐼𝐼
 

For AMC-III: 

𝐶𝑁𝐼𝐼𝐼 =
𝐶𝑁𝐼𝐼

0.427 + 0.00573𝐶𝑁𝐼𝐼
 

Where,  

𝐶𝑁𝐼 is the Curve Number for dry condition 

𝐶𝑁𝐼𝐼 is the Curve Number for average or normal condition 

𝐶𝑁𝐼𝐼𝐼 is the Curve Number for wet condition 
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APPENDIX – V 

Table 1: Rainfall data for Kohima station from 2003 to 2020 

Year/Month January February March April May June July August September October November December 

2003 14.0 14.5 54.9 107.8 117.5 218.6 291.0 358.4 347.4 154.6 5.2 52.2 

2004 4.4 3.5 10.6 217.0 183.2 235.4 505.8 243.5 296.7 157.6 13.8 0.3 

2005 3.5 18.9 80.0 62.0 160.3 307.4 191.8 322.9 263.6 177 9.0 2.7 

2006 0.0 39.2 8.6 80.7 170.9 298.7 206.4 139.5 283.5 83.7 26.2 1 

2007 s0.0 70.3 16.1 146.5 343.5 241.5 314.5 416.5 182.2 191.4 79.4 1.8 

2008 43.8 5.0 54.1 35.0 170.7 398.4 453.1 393.3 320.0 125.7 0.0 0.0 

2009 0.0 10.6 24.6 32.1 138.4 205.7 277.2 388.2 316.8 129.4 13.4 0.0 

2010 1.4 8.2 56.9 60.8 119.5 347.1 530.6 464.3 226.5 162 2.1 21.2 

2011 9.8 5.2 56.8 34.9 265.6 308.2 437.7 239.9 336.3 31.7 9.7 0.0 

2012 10.0 27.1 93.7 101.2 158.5 128.1 226.1 262.4 198.4 5.6 1.5 29.6 

2013 19.6 20.2 118.8 152.3 167.0 143.4 239.0 289.1 14.2 35.4 57.4 0.8 

2014 5.2 0.5 22.4 6.8 181.7 273.6 268.5 403.8 368.8 233.1 9.1 4.5 

2015 30.1 11.0 65.0 76.1 1800 218.3 424.9 547.2 204.8 199.3 1.5 0.0 

2016 6.6 104.0 11.1 78.5 180.2 360.0 336.7 148.5 328.2 133.4 43.4 0.0 

2017 2.2 0.8 93.0 163.7 234.6 326.9 482.1 250.4 340.6 204 5.4 31.9 

2018 13.2 3.6 45.0 127.6 279.2 338.1 568.4 359.4 139.6 85.2 1.2 65.4 

2019 80.6 15.4 58.2 83.0 175.0 208.1 286.4 355.9 266.6 216.6 37.2 0.0 

2020 35.8 9.4 21.0 130.2 181.6 319.6 328.0 215.6 154 237.6 0.0 0.0 
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Table II: Rainfall data for Dimapur station from 2003 to 2020 

Year/Month January February March April May June July August September October November December 

2003 0.0 0.0 0.0 0.0 0.0 128.8 105.3 440.0 245.3 137.7 8.2 19.3 

2004 7.9 0.0 15.2 229.4 18.8 186.0 368.0 91.0 224.4 158.2 6.6 0.0 

2005 15.2 12.4 69.2 59.8 79.2 113.4 169.4 288.1 89.6 143.0 0.0 2.6 

2006 0.0 0.0 26.4 58.4 345.9 176.2 185.8 104.2 142.2 79.2 35.4 6.6 

2007 0.0 113.8 3.4 121.6 186.7 176.9 128.7 346.0 188.0 154.4 46.7 10.2 

2008 8.9 0.3 49.7 32.6 95.4 321.7 186.6 78.5 283.9 81.2 0.0 0.0 

2009 0.0 0.0 7.3 15.1 66.1 167.9 167.6 93.0 79.8 26.8 0.0 0.0 

2010 0.0 0.2 29.6 103.6 124.8 205.4 153.6 111.4 80.0 54.8 0.0 0.0 

2011 12.0 0.8 10.2 49.8 120.2 411.9 117.3 207.6 43.3 8.2 0.0 0.0 

2012 0.2 0.8 0.0 49.8 5.6 174.8 132.2 103.2 102.8 108.7 0.0 0.0 

2013 0.0 12.0 62.8 23.4 139.2 129.5 232.4 48.7 116.9 31.4 0.0 0.0 

2014 0.0 7.0 12.9 5.7 80.2 90.1 165.8 185.9 59.3 61.2 0.0 0.0 

2015 5.0 8.0 0.0 99.9 51.9 110.8 92.7 139.7 78.3 96.6 6.6 0.0 

2016 21.0 5.6 2.2 92.9 98.2 180.4 114.6 141.7 202.4 35.6 93.6 0.0 

2017 0.2 0.2 33.1 126.6 53.2 101.6 242.2 178.8 99.2 156.9 5.2 5.4 

2018 5.5 0.5 8.0 17.6 52.9 127.2 113.8 310.6 78.2 11.5 0.2 20.0 

2019 0.0 7.1 30.2 76.5 195.1 133.4 129.6 43.9 64.3 292.5 18.8 0.0 

2020 0.4 0.4 8.4 33.4 80.6 168.0 192.5 53.9 140.1 233.5 0.0 0.0 


