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Abstract  
The determination of soil moisture (SM) that directly affects agriculture productivity and brings uncertainty in 

climate change is crucial in Nepal because it's being an agricultural country. The main purpose of this study is 

to estimate the soil moisture index (SMI) of Nepal from 2012 to 2020 and predict the SMI for 2021. The 

relationship between Normalize difference vegetation index (NDVI) and land surface temperature (LST) from 

the Moderate Resolution Imaging Spectroradiometer (MODIS) satellite product was used for estimating the SMI 

for four seasons of the year 2012 to 2020 based on the universal triangle method. Rainfall data product from 

Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS) was used for analyzing its relation 

with SMI. It depicts a positive relationship with SMI. The land cover map of the MODIS data product was used 

with SMI and analyzed at a period of four years as the land cover of the whole of Nepal doesn’t drastically 

change over a year which is the study area. The result shows more SMI in the lower belt of Nepal i.e Terai 

region where vegetation is more than in other regions. This indicates a positive correlation between vegetation 

with SMI. SMI for the spring season of 2020 is predicted by feeding SMI values from the year 2012-2019 to the 

eps-regression model as a training sample and the year 2020 as a testing sample. Statistical evaluation such as 

RMSE, MSE, MAE, and R-squared test was conducted in actual and predicted SMI values of the year 2020. SMI 

is predicted for the spring season of the year 2021 using the tested and validated model. This paper contributes 

to a better knowledge of SM dynamics around Nepal, which can aid in agriculture's improvement and the SM 

assessment/prediction and can be used to detect early indicators of drought, for decision-making weather 

forecasting, or any national research objective. 
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I. Introduction 

According to the Ministry of Agriculture and Livestock Department 2018, Nepal is an agriculturally 

driven country with 66% livelihood based on agriculture[1,2] Agriculture is the major source of food security 

and income which alleviate poverty and uplift living standards. It also contributes to the growth, social welfare, 

and human development of the general people of Nepal [3]. Nepal's poverty-reduction initiatives and economic 

growth are largely driven by the expansion of its agriculture sector, which accounts for one-third of the country's 

Gross Domestic Product (GDP) [4]. As a large sum of the population is dependent on agriculture for their 

livelihood, improving the agricultural status of Nepal will bring a significant positive change in the overall 

development of people diminishing poverty and ensuring food security.  

Nepal has various types of ecological zones like plains, hills, and mountains where farming is done 

according to different seasons i.e summer (June to August), winter (December to February), spring (March to 

May), and autumn (September to November) [5]. As climate change has been observed in this country [6], it is a 

major factor affecting Nepal's agriculture recently. Climate change-related drought has emerged as a cause of 

household-level vulnerability in Nepal's agriculture. Climate change affects the temperature pattern, 

precipitation patterns and can cause extreme weather events which will then affect water availability causing 

lower agricultural production. Soil Moisture (SM) is one fo the factors that affects agricultural productivity and 

http://www.questjournals.org/
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is affected by climate change which is why assessing and analyzing SM is important for Nepal. SM is the water 

content of the soil which is affected by different soil types, climate, topography, vegetation, and other variables. 

SM influences the chemical, physical and biological characteristics of the soil [7]. Agriculture production is 

heavily dependent on SM. Lack of SM can result in a significant amount of loss in crop production [8]. 

Although Nepal has a large population dependent on agriculture, this vital issue of SM measurement has not 

been taken into consideration as a significant study topic. According to Talchabhadel et al. [9] the study 

concerning SM for Nepal is very limited. A precise estimation of soil moisture content (SMC) is important for 

soil water balance calculations, various hydro-meteorological, ecological, or biogeochemical modelling 

applications, and initialization of varied land-atmosphere models. Estimating SMC is crucial for many water 

budgeting processes and meteorological and agricultural applications [9].  

The soil moisture index ( SMI) is defined as the proportion of the difference between the present SM 

and the permanent wilting point to the field capacity and the residual SM. The index values range from 0 to 1 

where 0 indicates extreme dry conditions and 1 indicates extreme wet conditions [10]. SM can be assessed in 

two ways in-situ and Remote Sensing (RS) methods. Insitu measurement provides the most accurate SM 

measurement however it is an extremely tedious process that is expensive and time-consuming [11]. It suits a 

small area over a small period [10]. However, not optimal for rapid and continuous SM monitoring at the 

regional scale. For SM estimation of the large spatial extent, RS methods are best because of their large 

coverage, continuous, and easily available data. RS measurements from Terra/Aqua Moderate Resolution 

Imaging Spectroradiometer (MODIS) have been used for the SM estimation. Even though another source of RS 

like Sentinel data product has high-resolution data, MODIS is preferred as sentinel products don’t provide 

enough coverage and continuous data for the whole of Nepal over a long period. Nepal being a developing and 

geographically diverse country does not have many resources for in-situ measurement of the whole of Nepal. 

Thus, RS methods using MODIS data product is used for the urgent need of measurement and prediction of SMI 

for better agricultural practice and management decisions [9]. Price (1990) first proposed the triangle concept, 

which was further expanded upon by Carlson et al. (1994; 1995) and Gillies and Carlson (1995) for SM estimate 

using Land Surface Temperature (LST) and normalized difference vegetation index (NDVI) [12]. Researchers 

like  Wang et al. [13], and Yang et al. [9] have used the universal triangle method for estimating SMI. SM has a 

complicated relationship with NDVI and LST [14]. 

Given the importance of SM for a geographically diverse agrarian Nepal, RS-based SMI can be used 

for the comprehensive understanding of SM response to rainfall from a rapidly changing climate. The 

understanding of changes in SM with different land cover types eases conducting agricultural planning and other 

soil-related activities. Knowing the future state of the soil moisture would be great for reservoir management, 

early drought warning, irrigation scheduling, and crop production forecasting [15]. Predicting soil moisture can 

serve many other purposes than just agriculture for which different methods can be used. Artificial neural 

network (ANN), Naive Bayes algorithm, Support vector machine (SVM) are some of the prediction methods 

[16–18]. Predicting SMI of whole Nepal with certain time restrictions gives us limited choice from available 

predicting methods. Support vector machine (SVM) is stable and it surpasses other algorithms in terms of 

accuracy and prediction speed [19]. SVM also uses less memory and performs analysis in a multidimensional 

dataset to classify  [20]. 

In this study, the soil moisture index of the entire of Nepal is assessed and analyzed. The main 

objectives of this study are: (a) to estimate the SMI of Nepal from the year 2012 to 2020 using MODIS 

products, (b) to show the variation in SMI with land cover types, (c)to show the variation of SMI in 

geographical region and season, and (d) to show the relationship between SMI and rainfall, and (e) to predict 

SMI of the year 2021 using SVM and historical data. To the best of our knowledge, this is the first study for 

Nepal that uses MODIS products to predict future SMI for the country and validate at a local level. This paper 

contributes to a better understanding of SM, which can aid in improving agriculture and its sustainable 

development. This process of SM assessment and prediction can be useful in developing countries like Nepal for 

SM assessment/prediction which can be used to detect early signs of drought, weather forecasting for decision 

making, or any research purpose at a national level. 

 

II. Materials and Methods 
2.1  Study Area 

Nepal is an agriculturally driven country, with Himalayan, Hilly, and Southern Terai plains. Terai has 

high vegetation, also known as the ‘breadbasket’ of Nepal and the Himalayan region has very low vegetation. It 

lies between two big countries like India in the south and China in the north and has an 80°4' and 88°12' East 

longitude and 26°22' and 30°27' North latitude with a total area of 147,516 square kilometres. The entire 

distance from east to west is about 800 km while from north to south is only 150 to 250 km. Nepal has vast 

water systems that drain south into India. The country can be divided into three main geographical regions: the 

Himalayan region, the Hilly region, and the Terai region. The elevation values range from 59 meters in tropical 
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Terai to 8848 meters in the Himalayan. The major altitude belts of Nepal are Tropical Zone (below 1000 

meters), Subtropical Climate Zone (1,000 to 2,000 meters), Temperature Climate Zone (2,000 to 3,000 meters), 

Subalpine Zone (3,000 to 4,000 meters), and Alpine zone (4,000 to 5,000 meters). In this project, the season of 

Nepal has been categorized into 4 seasons such as spring (March-May), summer (June-August), autumn 

(September-November), and winter (December-February). 

In recent years the rapid climate change has affected the agriculture productivity of Nepal [2]. The 

growth of the agriculture sector was limited to 2.9% during the last decade, whereas the growth rate of the 

agricultural sector in recent years is found at 2.8% only, which indicates a low rate [1]. This is because 

agriculture is heavily affected by unlikely climate and floods/drought. Since agriculture is a primary source of 

income and food security, it is important to improve the agriculture system and production. 

 
Figure 1. Location map of Nepal as a study area. 

2.2. Data 

2.2.1. MODIS Products 

 

The Moderate Resolution Imaging Spectroradiometer (MODIS) is a primary instrument onboard the Earth 

Observing System (EOS) Terra and Aqua platforms that use a range of visible, NIR, MIR, and thermal channels 

to monitor the Earth's atmosphere, ocean, and land surface [21]. The MODIS data product we used are listed 

below: 

1. NDVI quantifies vegetation by measuring the difference between near-infrared (which vegetation 

strongly reflects) and red light (which vegetation absorbs) as in equation 1: 

𝑁𝐷𝑉𝐼 =
(𝑁𝐼𝑅 − 𝑅𝑒𝑑)

(𝑁𝐼𝑅 + 𝑅𝑒𝑑)
,                         (1)     

 

where NIR is near-infrared spectral reflectance and Red is visible red spectral reflectance. It always ranges from 

-1 to +1. But there isn’t a distinct boundary for each type of land cover [22]. Healthy vegetation (chlorophyll) 

reflects more near-infrared (NIR) and green light compared to other wavelengths. But it absorbs more red and 

blue light. Unhealthy plants reflect higher red resulting in lower NDVI. The earth science data type for MODIS 

NDVI is MOD13A2. It is a sixteen-day compositing period. It provides Vegetation Index (VI) values at a per-

pixel basis at 1 kilometer (km) spatial resolution [23]. Image data of the year 2019 are shown. 

 



Assessment and Prediction of Soil Moisture Index of Nepal Using Geospatial Techniques 

Corresponding author: Amit Tiwari                                                                                                           159 | Page 

 
 

(a) (b) 

 
 

(c) (d) 

Figure 2. Normalized Difference Vegetative Index (NDVI) map of Nepal 2019 (a) Spring, (b) Summer (c) 

Autumn and (d) Winter. 

 

2. LST is an important parameter for environmental studies and enables the monitoring of landscape 

processes and responses, such as the surface energy and water balance [24]. It is the temperature of the skin 

surface of land which can be derived from the satellite information or direct measurements in the remote-

sensing terminology [25]. The earth science data type for MODIS LST is MOD11A2. It is an eight-day 

compositing period. It provides values at a per-pixel basis at 500 meters (m) spatial resolution. It was chosen 

because twice of such period is the exact ground track repeat of the Terra Platform. LST over eight days is the 

average LSTs of the MOD11A1 product over eight days. 

 

  
(a) (b) 
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(c) (d) 

Figure 3. Land Surface Temperature (LST) map of Nepal 2019 (a) Spring, (b) Summer (c) Autumn, and (d) 

Winter. 

 

3. Land Cover implies the physical or natural state of the Earths’ surface. Land cover maps represent 

spatial information on different types (classes) of physical coverage of the Earth's surface, e.g. forests, 

grasslands, croplands, lakes, wetlands [26]. It represents how much of a region is covered by the mentioned land 

cover types. 

The MODIS Land Cover Type Product (MCD12Q1) provides a suite of science data sets (SDSs) that map 

global land cover at the 500-meter spatial resolution at the annual time step for different land cover legends. The 

maps were created from classifications of Spectro-temporal features derived from data from the MODIS. 

MCD12Q1 contains 13 science data sets, among which This product is created using the supervised 

classification of MODIS reflectance data for which Land Cover Type 1 (LC_Type1) was used. 

 

 
Figure 4. Land Cover map of Nepal 2019. 

2.2.2. CHIRPS Data 

 

As rainfall plays an important role in SM, rainfall data are downloaded from Climate Hazards Group InfraRed 

Precipitation with Station data (CHIRPS). CHIRPS is a quasi-global rainfall data set that spans 35+ years. 

CHIRPS combines 0.05° resolution satellite images with in-situ station data to construct gridded rainfall time 

series for trend analysis and seasonal drought monitoring, spanning 50°S-50°N (and all longitudes) from 1981 to 

near-present [27]. CHIRPS was developed to provide complete, reliable, and up-to-date data sets for a variety of 
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reasons in aid for research and analysis [28]. The monthly composited data are downloaded. These monthly 

composite data are then made a composite of three months. 

 

 
 

(a) (b) 

  
(c) (d) 

Figure 5. Rainfall map of Nepal 2019 (a) Spring, (b) Summer (c) Autumn, and (d) Winter. 

2.3. Methodology 

 

The MODIS images of LST, NDVI from 2012-2020, and Land Cover images of 2015 and 2019 were 

downloaded from the official USGS database. The criteria while downloading images were 10% cloudy. The 

obtained image of LST, NDVI, and Land Cover was converted to WGS1984 from sinusoidal projection using 

the HDF-EOS to GeoTIFF Conversion Tool (HEG) tool. Then, for LST and NDVI composite of 96 days was 

done. MODIS Land Cover maps were created from classifications of spectro-temporal features. It was created 

by using the supervised classification of MODIS reflectance data. Here, Land Cover Type 1 (LC_Type1) was 

used which is categorized into seven different groups i.e., Forest, Grassland, Agriculture land, Barren land, 

Built-up area, snow, and water bodies. Rainfall data images were downloaded from CHIRPS from the year 

2012-2020 making a composite of 3 months. 

 

The LST and NDVI values were generated for the respective seasons of the respective year. Along with 

this, LST, NDVI, LC, and Rainfall maps were prepared. A Scatter plot between LST and NDVI was generated 

which was used for assessing SMI based on the Universal Triangle method. The dry edges and wet edges were 

then generated from a scatter plot. Using the coefficients of dry edge and wet edge from the scatter plot, SMI 

was generated in TIFF format. Similarly, SMI maps were created from the year 2012 to 2020 for four seasons’ 

i.e., winter, autumn, spring, summer. For validation of produce SMI maps, sentinel image (SMAP_L2_SM_SP) 

of the year 2015 and 2016 spring was used. For the evaluation of the model, statistical evaluation such as 

RMSE, MSE, MAE, and R-squared test was conducted. 
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Figure 6. The workflow of the study. 

 

Two land cover maps of the years 2015 and 2019 were created for the analysis of their relationship 

with SMI. Rainfall maps are created from 2012 to 2019 of whole Nepal for analysis of its relationship with SMI. 

After the validation of SMI maps the zonal statistics tool was used to analyze the values obtained. The analysis 

of region-wise seasonal variations of SMI with the land cover map was done and the relationship of rainfall and 

soil moisture was derived from 2012 to 2019. From the estimated SMI maps from the year 2012 to 2019 a 

model was created using SVM to predict the SMI of 2020 and after the model was validated from the estimated 

2020 map, the same model was for the prediction of the 2021 SMI maps. For the prediction of the SMI value of 

the year 2021, the evaluated SMI values of the year 2012-2020 were used. A support vector regression model 

was used for the prediction of SMI values under the R package "e1071". The training/testing partitions of the 

SMI values were created using the createDataPartition() method which was available under the “caret” package. 

For the evaluation of the model, statistical evaluation such as RMSE, MSE, MAE, and R-squared test was 

conducted in actual and predicted SMI values of the year 2020.  

 

2.3.1. Universal Training Method 

Data analysis revealed a distinct relationship, sometimes referred to as the “Universal Triangle,” between soil 

moisture (SM), the normalized difference vegetation index (NDVI), and  LST for a given region [12]. Figure 7 

represents a schematic description of the relationship referred to as the “Universal Triangle.”.  

 

The line from point A to point C in Figure 7 represents the driest conditions, namely “dry edge”, under different 

vegetation coverage. The line from point B to point D in Figure 7 represents the wettest conditions, namely “wet 

edge”, under different vegetation coverage. Ts is positively correlated with NDVI along the wet edge (from 

point B to point D) and negatively correlated with NDVI along the dry edge (from point A to point C). 
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Figure 7. The plot in LST- NDVI space and the definition of SMI [29]. 

 

SMI can be assessed by the parameters derived from figure 7: 

SMI =  
Tsmax− Ts  

Tsmax − Tsmin
         (2) 

Where, Tmax, Tmin is the maximum and minimum surface temperature for a given NDVI. Ts is the remotely 

sensed data-derived surface temperature at a given pixel for a given NDVI. 

𝑇𝑠𝑚𝑎𝑥 = 𝑎1 ∗ 𝑁𝐷𝑉𝐼 + 𝑏1                                                                  (3) 

𝑇𝑠𝑚𝑖𝑛 = 𝑎2 ∗ 𝑁𝐷𝑉𝐼 + 𝑏2                                                      (4) 

Here, in equations (3) and (4), the parameters a1, a2, and b1, b2 are empirical parameters that are obtained by 

linear regression of known remotely-sensed data for both the dry and wet edges [14]. 

 

2.3.2. Support Vector Regression 

Support vector regression (SVR) works on the principle of SVM and is the counterpart of SVM for the 

regression problems. SVMs have supervised learning models with associated learning algorithms that analyze 

data used for classification and regression analysis. SVR has been used in several fields due to its high 

prediction accuracy and ease of modelling. SVM is a set of related supervised learning methods used for 

classification and regression analysis. In the early 1990s, Vapnik et al. created SVMs for classification 

applications. Later, Vapnik (1995) expanded on his work by developing SVMs for regression [18]. SVM also 

possesses the well-known ability to be universal approximators of any multivariate function to any desired 

degree of accuracy [30]. It has been found that SVMs show better or comparable results than the outcomes 

estimated by neural networks and other statistical models [31]. SVMs are applied in statistics, computing, and 

other fields with great success. Pasolli et al. [32] predicted the SM using the support vector regression model. 

 

2.3.3. Validation 

Validation is aided by various criteria for evaluating and determining model parameters. In this study, validation 

was performed in two different stages. The first was the verification of the estimated SMI. The second step was 

the validation of the predicted SMI. The parameters employed for evaluation here are: the correlation coefficient 

(R), root-mean-square error (ERMS), and mean absolute error (EMA).  

 

A sentinel image with the product name SMAP L2 SM SP was used for SMI validation. For validation, images 

of the years 2015 and 2016 of the spring season were used. Statistical model evaluations such as ERMS, EMA, 

EMS, and R-squared tests were undertaken in the actual and expected SMI values of the year 2020 for the 

validation of predicted SMI. an equation: 

 

𝐸𝑀𝐴 =  
∑ |𝑦𝑖−𝑦𝑖

∗|𝑛
𝑖=1

𝑛
,                                            (5) 

𝐸𝑀𝐴 =  
∑ (𝑛

𝑖=1 𝑦𝑖−𝑦𝑖
∗)2

𝑛
                                           (6) 

 

𝐸𝑅𝑀𝑆 =  √
∑ (𝑛

𝑖=1 𝑦𝑖−𝑦𝑖
∗)2

𝑛
,                                    (7) 

𝑅2 = 1 −
∑(𝑦𝑖−𝑦𝑖

∗)2

∑(𝑦𝑖−𝑦)2 ,                                         (8) 
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where n is the number of samples, 𝑦𝑖 , 𝑦𝑖
∗ and 𝑦 are measured, predicted, and mean values respectively. The 

smaller the ERMS and EMA are, and the larger R –the square is, the better the model performs. The model is 

considered viable if R is not less than 0.5 [33].  

 

III. Results and Discussion 
3.1 Relationship between LST and NDVI  

The scatter plotter between LST and NDVI values for the respective season of the respective year was 

obtained. The scatter plot (Figure 8) shows many points. Each point represents the values of these two variables. 

The scatter plot formed by LST and NDVI forms like a triangle. The upper edge of the triangle is defined as a 

dry edge (Figure 9) and the lower one is a wet edge (Figure 10). After that, dry edges and wet edges are 

generated we get empirical parameters (a1, b1, a2, and b2) by linear regression, and using these parameters of 

dry edge and wet edge (Table 1) from the scatter plot SMI was calculated. Thereafter, soil moisture index in TIF 

formats was generated. 

 

 

 

 

(a)  (b) 

 

 

 

(c)  (d) 

  
(a) (b) 
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Figure 8. Scatter plot of LST and NDVI of Nepal 2019 (a) Spring Season, (b) Summer Season, (c) Autumn 

Season, and (d) Winter Season. 

Figure 9. Dry Edge of the year 2019 (a) Spring Season, (b) Summer Season, (c) Autumn Season, and (d) 

Winter Season. 

  
(a) (b) 

  
(c) (d) 

Figure 10. Wet Edge of the year 2019 (a) Spring Season, (b) Summer Season, (c) Autumn Season, and (d) 

Winter Season. 

Table 1. Parameter of the dry and wet edge of the year 2019 (a1, b1 are the parameter for dry edge and a2, b2 

are the parameter for wet edge). 

Seasons a1 b1 R2 a2 b2 R2 

Spring 8.872 27.809 0.064 23.11 -3.06 0.89 

Summer 8.113 30.112 0.10 20.438 -3.709 0.91 

Autumn 12.72 22.28 0.24 23.53 -7.498 0.85 

Winter 16.45 15.13 0.19 31.93 -17.84 0.87 

1  

 

  
(c) (d) 
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3.2. Soil Moisture Index (SMI) Maps 

Different seasonal SMI maps were prepared. Yearly, the SMI gradually decreases. Mostly, SMI is high 

in the Terai region and low in the Himalayan region as shown in Figure 11. The SMI of the Terai region is more 

than the Hilly and the Himalayan region. The SMI of the Hilly region is less than the Terai but more than the 

Himalayan region and the SMI of the Himalayan is less than both the Terai and the Hilly region. But in 

mustang, SMI is high. The possibilities of this are soil type and percolation capacity index. The soil in mustang 

is a slit that comes under course texture soil. Such soil texture didn’t show a great relationship with the 

reflectance values. The soil percolation rate indicates how quickly water moves through soil and helps evaluate 

the ability of the soil to absorb and treat effluent. 

 

  
(a) (b) 

  
(c) (d) 

Figure 11. Soil Moisture Index (SMI) Map of Nepal (2019) (a) Spring (b) Summer (c) Autumn and (d) Winter. 

3.3. Validation  

For validation, a sentinel image (SMAP_L2_SM_SP) was used. The images of the 2015 and 2016 

springs were used (Figure 12). The RMSE estimated was 0.2985, the mean square error was 0.1106 and the 

mean absolute error is 0.2621 for image 2015 spring. Similarly, the RMSE estimated was 0.034, the mean 

square error was 0.0012 and the mean absolute error was 0.0264 for image 2016 spring which was acceptable 

values. 
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(a) (b) 

Figure 12. Area of Interest Map for SMI Validation (a) Spring of the year 2015 and (b) Spring of the year 2016. 

3.4. Seasonal Variation of NDVI and LST across Nepal 

The variations of NDVI in different seasons across shows that the general vegetation seems high from 

mid-spring to summer i.e. from May to August with an average of 0.66 NDVI all across Nepal. The Terai and 

the Hilly are highly vegetated, the vegetation seems high in the lower belt of Nepal i.e. the Terai, and low in the 

upper i.e. the Himalayan region. Vegetation shows a negative relationship with temperature. However, 

vegetation isn’t solely related to the temperature but with several factors, altitude, and soil type being one of 

them. LST differs from season to season and place to place. The temperature, in general, was high in summer 

i.e. June to August all over Nepal with an average temperature of 25.6 degrees Celsius. The temperature in 

Nepal was highest in the Terai with an average of 28.0-degrees Celsius and lowest in the Himalayas with an 

average of 2.0 degrees Celsius. 

3.5. Comparing SMI with Land Cover Types 

For analyzing the relationship between SMI and different landcover, landcover maps of 2015 and 2019  

were created. The average pixel value of different land cover types like agriculture, barren land, built-up area, 

forest, grassland, snow, and waterbody was analyzed with the average pixel value for SMI as shown in Figure 

13. The SM in the agricultural land, forest, water bodies seems high which is reasonable. The water content of 

the soil of the water body, the agricultural land, and the forest was high. From the chart (Figure 13), the 

agriculture, waterbody, forest, grassland, barren land, and snow area have gradual changes in SMI which are in 

agreement with Feng research and Yang research [9,34]. 

Our study is based on RS, it is highly dependent on the signal and its reflectance. Different surface 

types have different absorption and reflectance within a pixel. This explains the built-up having high SM 

because the built-up area has overlapping spectral reflectance. Due to this also, the SMI of the built-up area is 

seen as high. The infiltration rate and permeability also play role in this section. As a result, it is preferable to 

remove the built-up area in this technique since the soil moisture content of the built-up region is higher than 

that of other areas. 
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Figure 13. Land Cover-wises mean SMI (2019). 

 

For reflecting the land covers and their variety in SM over seasons this analysis was carried out in particular 

years. There was no significant change in land cover over a small period so a period of 4 years was considered 

for the analysis. In 2015 and 2019, the graph shows that in snow land the SM seems low overall seasons 

whereas the SM in agricultural areas seems high after removing built-up areas.  

 

The SM in the snow area is very low. About 45% of the variability is caused by snow cover for SM. Snow cover 

area is mainly dependent on air temperature and the amount of precipitation and solid precipitation weaken the 

correlation. Snowfall reduces the absorbed solar radiation which decreases the energy absorbed from the sun. 

Generally, the snowfall occurs in highland sites. Although snow accumulation occurs in large percent, little of 

the moisture is released through snow melting. Rapid snow melting makes the runoff of water due to high land. 

So, this decreases the SMI in snow areas.  

 

Figure 14. Mean SMI vs Land Cover (spring). 

In figure 14, the SMI is high in the year 2016. This is because, in 2016 Spring, the rainfall was high than in 

other years.  
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3.6. Variation of Mean SMI with geographical region 

 

  
(a) (b) 

Figure 15. Region-wise Mean SMI (a) Season-wise and (b) Year-wise. 

 

There is a variation of SMI according to the season and year as shown in Figure 15(a) and (b) 

respectively. The SMI was high in spring and low in the autumn season in the Terai and the Hilly region. In the 

case of the Himalayan region, SMI was high in winter and low in the summer season. The SMI was generally 

high in comparison in the Terai region and low in the Himalayan region throughout the year. This result is in 

agreement with Roxy et al. [35].  

 

3.7. Relationship between SMI and rainfall across Nepal 

A year-wise study from 2012 to 2020 was carried out to observe the relationship between rainfall and 

SMI. As rainfall can directly impact the SM, it can show a clearer analysis of its relationship. In Nepal, the 

lowest rainfall was in winter (December-February) with 22mm rainfall on average all across Nepal and there is 

an increase in the rainfall as spring comes. The highest rainfall was observed in the summer (June-August) with 

the rainfall being 330mm on average all across Nepal. The graph of rainfall and SMI between the various 

seasons shows the gradual change except for 2016 where both SM and rainfall seem higher. In the graph 

mentioned below, the Correlation coefficient is 0.38 for autumn, 0.42 for spring, 0.31 for winter, 0.45 for 

summer between SMI and rainfall of the autumn and spring shows that they are positively correlated as shown 

in Figure 16. 
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(c) (d) 

Figure 16. Relationship of SMI with year and rainfall (a) SMI vs Rainfall (Spring), (b) SMI vs Rainfall 

(Summer), (c) SMI vs Rainfall (Autumn), and (d) SMI vs Rainfall (Winter). 

 

The rainfall and SMI showed the befittingly direct relationship in almost all years in spring except for 

2013 where rainfall is seemingly constant but SM has decreased. Likewise, in autumn the SMI and rainfall show 

direct relation in almost all years except 2014. These variations in these relations can be due to various factors 

affecting SM other than rainfall. In 2017 the rainfall in autumn on average all across Nepal is 63.05 mm which 

is decreased from the previous year's rainfall. The overall rainfall and SM are visibly decreased in the year 2017 

for all seasons which also shows the positive relationship between SM and rainfall. The SMI generally follows 

rainfall patterns. But the SMI in the dune site did not show a significant relationship with the rainfall pattern. 

3.8. Predicted SMI 

After the validation of the predicted SMI map of 2020, the same model was used for predicting the 

SMI map of 2021(Figure 17). The maps show the gradual changes all across Nepal without any huge change. 

The eps-regression model used for the prediction of SMI values depicts that continuous data can be modelled, 

tested, and predicted with this version of the SVR model as the statistical analysis proved to be valuable to 

support the validation of predicted SMI values. For the actual and predicted SMI values of the spring season of 

the year 2020, RMSE was found to be 0.1045, which is less than 0.3, R- squared test was found to be 0.9485, 

which is closer to 1, MSE and MAE were found to be 0.0109 and 0.0884 respectively, which are both close to 0. 

Using this tested and validated model, the past calculated SMI values were used to predict the future SMI value.  

 

Figure 17. Predicted Soil Moisture Index (SMI) Map of Nepal (Spring 2021). 



Assessment and Prediction of Soil Moisture Index of Nepal Using Geospatial Techniques 

Corresponding author: Amit Tiwari                                                                                                           171 | Page 

IV. Conclusion 
The combination of NDVI and LST from MODIS data products is a useful tool for studying SM. Both 

LST and NDVI are dominant factors for SM influence. The analysis with significant NDVI, LST, and CHIRPS 

trends indicated that precipitation showed a positive impact on SMI at most places. NDVI was more susceptible 

to variations of rainfall. The SMI of the agricultural area is found to be more after built-up areas. This method is 

more appropriate for agricultural areas than for residential areas. SMI gradually decreases for water bodies, 

forests, grassland, barren land, and snow area which is reasonable according to Feng [34] research on SM.  

Based on the overall result of this study, it can be concluded that SMI is high in Terai and low in the 

Himalayan region, and predicted SMI fits the previous pattern without rapid change in SM over regions. In the 

Terai and the Hilly region, the spring season has high SMI but in the Himalayan region, the winter season has 

high SMI. It also concludes that SMI is directly proportional to the rainfall amount. In 2016, due to high rainfall, 

the SMI of different land cover types was found to be high than in other years. These results can be useful to 

detect early signs of draught which can affect the agriculture and livelihood of the country’s people. The 

seasonal distribution of SMI can be helpful to assess the needs of the irrigational facility, choice of crops and 

their rotations, and finally to design a cropping calendar. The potential crop/vegetation suitability maps could be 

prepared using the information of SMI. The SMI map produced can serve as a valuable basis for the upcoming 

studies and research exploring the effects of change in agricultural practice. 

We had to deal with certain challenges when doing the study. Working amid the COVID-19 pandemic 

and lockdown had influenced our resources and time for this study. Insitu measurement was not possible for the 

validation for which we had to depend on the secondary data. Because of the coarse resolution of MODIS data, 

no comparisons between ground observations and RS-based results were undertaken in this study. This study is 

based solely on LST and NDVI values as they bear a strong relationship with the SM. It is recommended to 

consider factors other than temperature and vegetation that directly impacts the SM like topography, soil type, 

and others. If those factors are taken into account, additional findings will be obtained. As we have considered 

the whole of Nepal as our study area, it gives more generalized data which can be only of little use when 

examining a small area. Land use plays an important role in controlling spatial and temporal variations of SM by 

influencing infiltration rates, runoff, and evapotranspiration, which is important to crop growth and vegetation 

restoration. Therefore, SMI taking the consideration of land use can be more advantageous. The elevation is a 

factor that also plays a major role in estimating SMI value. As our country possesses a wide spectrum of 

topography, the elevation of land cover can also be taken into account. 
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