
© 2021 JETIR March 2021, Volume 8, Issue 3                                                                 www.jetir.org (ISSN-2349-5162) 

JETIR2103251 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org 2020 
 

Analysis of The Water Scarcity Using Time-Series 

Rainfall and Satellite Dataset  
1Monali B. Jadhav, 2Sandeep V. Gaikwad, 3Prof. Ratnadeep. R. Deshmukh 

Department of Computer Science and Information Technology, Dr Babasaheb Ambedkar Marathwada University, Aurangabad, 

Maharashtra, India, 431004. 

monalij28@gmail.com, sandeep.gaikwad22@gmail.com, rrdeshmukh.csit@bamu.ac.in 

 

Abstract: Rainfall is the primary key driver of an ecosystem, and it is responsible for sustaining life on the planet. Conversely, the 

rainfall deficiency creates a severe problem in the region, like water shortage for domestic, industrial and agricultural sectors. 

Furthermore, the region's land cover severely affects the barren land increment and decrement of the vegetation cover. To estimate 

and analyze the affected area using a manual survey is a very complex and tedious task. Therefore, meteorological and satellite 

imagery data provides a solution for effectively assessing the Land Use Land Cover (LULC) of the area. In the present research study, 

the historical rainfall data of the past 39 years and Sentinel 2 satellite data of the year 2016 and 2019 of the Vaijapur tehsil were used 

for the analysis.  The Standard Precipitation Index (SPI) algorithm was applied to the historical rainfall dataset to investigate the 

region's meteorological drought. Furthermore, the ground truth points were used for the generation of training and testing pixel for 

classification using the Random Forest (RF) classifier. The Overall Accuracy (OA) was obtained 92% and kappa 0.9 in 2016 and 

88.69% OA and 0.85 Kappa in 2019. 

 

IndexTerms - LULC, Random Forest, SPI, meteorological drought, Atmospheric correction 

I. INTRODUCTION 

Drought is a natural phenomenon that reoccurred in every climatic division of the world. Therefore, the millions of people's 

livelihood affects severely than the other disaster [1,2]. Drought is classified into the three categories such as meteorological, 

hydrological and agricultural drought. The erratic rainfall behaviors or rainfall deficiency lead to meteorological drought conditions [3]. 

Moreover, low rainfall leads to a reduction in soil moisture. Therefore, the crop cannot sustain good health due to reduced soil moisture 

in the field. Such type of phenomenon is known as agricultural drought [4,5]. The reduced rainfall is responsible for the streamflow and 

presence of the surface water. Such conditions create water scarcity for drinking and irrigation, leading to hydrological drought. The 

monitoring and assessment of the drought are essential for the planning and decision-making support to the government and non-

government agencies [6,7,8,9]. 

The SPI was developed at Colorado state university, USA, in 1993, useful for the rainfall analysis in every climatic division of the 

world [10,11,12].  It provides the output at various time scales like the short term and long term by analyzing the historical rainfall 

dataset. The short-term interval is used to analyze the soil moisture. In contrast, the longer-term interval is used to analyze water 

scarcity by monitoring the water level in a river, reservoir, lake, and groundwater region [13]. Therefore, the SPI helps analyze the land 

cover and meteorological drought of the region [14,15].  

Similarly, the satellite provides the periodical observation of the earth, which helps natural resource monitoring and change analysis. 

Various popular satellites provide periodical observation with the earth surface's sizeable historical dataset such as MODIS, AVHRR, 

Landsat, Spot, AWIFS, and Sentinel satellites [16,17,18]. Generally, the optical RS satellite provides an observation into various bands 

like VIS (Visual infrared), SWIR (Shortwave Infrared) regions of the electromagnetic spectrum. Therefore, it is significantly helpful for 

the LULC change analysis, which is essential for planning and decision making in various operations like settlement planning, disaster 

mitigation, agriculture, barren land estimation etc. [19,20,21,22]. It has beneficial applications for the agriculture sector like crop health 

monitoring, irrigation management, estimation of crop acreage, and yield [23,24,25,26,27]. The following section describes the 

conducted experiment in detail. 

II. STUDY AREA 

Figure 1 shows the study area of the Vaijapur, Aurangabad district, Maharashtra, India. The average rainfall is 520-750mm, and 

temperature ranges (34-42°C) maximum and the region's minimum temperature. The Aurangabad district is a part of Marathwada 

territory, which comes under the scanty rainfall region. Therefore, the entire region is highly vulnerable to the drought disaster. 

Moreover, such types of disasters are responsible for severe damage to the region's livelihood. The economy of the region is based on 

agricultural and associated businesses. 
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Figure 1. Study area of the Vaijapur tehsil 

 

III.  MATERIALS AND METHODS  

Dataset 

 

We have obtained the ground truth, rainfall and satellite dataset for the experimental analysis. The site visit was carried out on the 

day of the satellite overpass. The Ground Truth (GT) data was collected from the Samsung J7 smartphone. The GT data includes the 

GPS coordinates, photographs, and field description. Also, the rainfall data of the 39 years was obtained from the IMD (Indian 

Meteorological Department). 

Furthermore, the Sentinel 2 satellite dataset was downloaded from the ESA (European Space Agency) scientific hub. Sentinel datasets 

dated 27/10/2018 and 25/10/2016 were downloaded from the ESA. The product was available in the standard level 1C, which is 

orthorectified and geometric corrected images. The Sentinel 2A image includes the total 13 bands observation, which includes 10m, 

20m and 60m spatial resolutions. 

 

Methodology 

Figure 2. shows the methodology of the conducted experiment. We have used rainfall and sentinel satellite images and GT dataset 

for the water scarcity analysis. A total of 39 years (1981-2019) of monthly rainfall was used for the computation of the SPI index. The 

results were analyzed for the investigation of the meteorological droughts with the help of Sentinel satellite imagery. The following 

section shows the detailed information of the SPI computation. 

Standardized Precipitation Index(SPI)  

The Standardized Precipitation Index(SPI) is based on the gamma density function, which analyses the region's short-term and long-

term meteorological drought episode. The SPI is a primary variable in the early drought monitoring system [28]. The THOM method 

[29] was used for the computation of the α and β parameters. In contrast, the αi indicates the yearly rainfall values. Moreover, the 

cumulative probability F(αi) at αi precipitation was computed using the gamma cumulative distribution function. Finally, the 

conversion of F(αi) to a standard normal random variable (SPI values) along with the calculated mean value to zero(0) and variance to 

one (1) was noticed. The SPI provided the range of +2 to -2, including the seven classes, which indicated the meteorological drought 

category. The positive values show the normal to wet condition, whereas negative values show the normal to extreme dry condition. 

Gamma density function is given [10,13,29] as follows: 

f(x𝑖) =
1

𝛽𝛼Γ( 𝛼)
𝑥𝑖

𝛼−1𝑒−𝑥𝑖/𝛽       (1) 

Where β and α are the scale and shape parameter. The bigger the shape value is closer to the normal distribution curve.  
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Figure. 2. Methodology used in the present research study 

 

The x_(i )(>0) is the rainfall within I consecutive months, i.e. i time scales. 

 

 

𝑥𝑖
(𝑗)

= ∑ 𝑃𝑗,𝑘,
𝑖
𝑘=1 𝑗 = 1,2,3 … , 𝑛          (2) 

 

Where P_(j,k,) is the prediction value of kth month of jth year.  n is the number of years. We have used a 1-month time scale to 

calculate SPI, therefore the value of i=1, 

The Gamma function Г(α) is given as: 

Г(α) = ∫ 𝑡∝−1 𝑒−𝑡𝑑𝑡  
∞

0
      (3) 

 

The α and β are the estimated with the approximation of Thom as follow: 

α =
1

4𝐴
(1 + √1 +

4𝐴

3
)       (4) 

β =
𝑥𝑖

𝛼
         (5) 

where  𝐴 = 1𝑛(𝑥𝑖̅) −
1

𝑛
∑ 1𝑛((𝑥𝑖

𝑛
𝑗=1 )𝑗) 

It is based on the probability density function Eq (1), the cumulative probability g(x_i) at the chosen time scale is given as follow: 

 

𝑔(𝑥𝑖) = ∫ 𝑓(𝑥𝑖)𝑑𝑥𝑖
𝑥𝑖

0
=  

1

𝛽𝛼Γ( 𝛼)
∫ 𝑥𝑖

∝−1𝑥𝑖

0
𝑒−𝑥𝑖/𝛽 𝑑𝑥𝑖    (6) 

The probability of total no precipitation is given as below 

𝐹(𝑥𝑖 = 0) =
𝑚

𝑛
        (7) 

 

Where m denotes the number of zero rainfall value in the computed data sequence whereas cumulative probability can be written as: 

𝐻(𝑥𝑖) = 𝐹(𝑥𝑖 = 0) + (1 − 𝐹(𝑥𝑖 = 0))𝑔(𝑥𝑖)    (8) 

Finally, 𝐻(𝑥𝑖) can be transformed to SPI using the following equations by Milton. 

𝑆𝑃𝐼 = − (𝑡 −
𝐶0+𝐶1+𝑐2𝑡2

1+𝑑1𝑡+𝑑1𝑡2+𝑑3𝑡2) , 𝑡 = √1𝑛 (
1

𝐻(𝑥𝑖)2) , 𝑓𝑜𝑟 0 < 𝐻(𝑥𝑖) ≤  0.5   (9) 

 

𝑆𝑃𝐼 = − (𝑡 −
𝐶0+𝐶1+𝑐2𝑡2

1+𝑑1𝑡+𝑑1𝑡2+𝑑3𝑡2) , 𝑡 = √1𝑛 (
1

𝐻(𝑥𝑖)2) , 𝑓𝑜𝑟 0 < 𝐻(𝑥𝑖) ≤  1    (10) 
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Where c_(0 )=2.515517,c_(1 )=0.802853,c_(2 )=0.010328,d_(1 )=1.432788, d_(2 )=0.189269 and d_(3 )=0.001308. 

 

The variable (SPI values) along with mean to zero and variance to one was noticed. More technical details regarding the SPI 

algorithm are given by Zhou [30]. SPI ranges between +2.0 to -2.0, including seven classes [30]. Classification of the region in different 

categories can be done based on values of SPI. Table 1 shows the classification criteria of meteorological drought levels based on SPI 

values. 

 

Table 1. SPI criteria 

SPI Range Drought classes 

2.0to +∞ Extremely wet 

1.5 to 2.0 Very wet 

1.0 to 1.5 Moderate wet 

-1.0 to1.0 Near Normal 

-1.5 to -1.0 Moderate drought 

-2.0 to -1.5 Severe drought 

-∞ to -2.0 Extreme drought 

 
Preprocessing of Satellite images 

The preprocessing of the satellite imagery is essential before further classification. The ESA provides the geometrically corrected 

sentinel satellite imagery known as level 1C product. It also provides the software tool known as SNAP (Sentinel Application Platform) 

for preprocessing and spatial analysis operations. The preprocessing operation includes the atmospheric, radiometric and geometric 

corrections of the Level 1C product images. The sen2core plugin of the SNAP was used for the preprocessing of sentinel images.  The 

TOA (Top-Of-Atmosphere) values convert into the BOA(Bottom-Of-Atmosphere), known as the Level 2A product level of the 

sentinel. Furthermore, the supervised Random Forest (RF) classifier was chosen for the LULC map creation. 

 

Use of Ground Truth (GT) for training and testing classifier 

The RF required the ROI (Region of Interest) as input for the class generation for the classification. The ROI's were created for the 

training data with GT data collected at the time of the field visit. It helps to understand the features at the time of the training and testing 

the classifier. Finally, the classifier generated a region map, which is validated by using the testing GT data. 

 

Supervised classification using Random Forest (RF) algorithm 

Breiman has invented the classification and regression tree technique called Random Forest [31]. It creates the randomly and 

iteratively sample data and variables to generate a large group or known as the forest of classification trees.  RF is based on ensemble 

learning techniques and built upon multiple Decision Trees(DCT). Each DCT is built using the original training dataset, and the 

remaining part of the training features validates it. RF works similar to the Maximum Likelihood classifier, where it creates the cluster 

based on similar spectral values. RF required the two essential parameters like (i)input file (ii)number of trees, (iii)the max number of 

samples per class (default value is 5000) (iv)vector training (v) feature band selection. The RF is based on the Gini index as an attribute 

selection measure, which measures an attribute's impurity to the classes. The Gini index is shown in equation 11. classes. The Gini 

index is shown in equation 11. 

 

                                                     

    )T/T,)(T/T,( j

ij

i CfCf
   (11) 

where f ( iC
, T)/ T is  the probability that the selected case belongs to  class iC

.  

 

Land Use Land Cover (LULC) map 

The supervised classification was used to prepare the LULC map for the change detection of the region. It is essential to estimate 

the area of various land cover classes such as Barren land, fallow, vegetation, settlements, water bodies. Such type of analysis is 

beneficial for the government and non-government agencies to implement policies and disaster mitigation strategies for the region. The 

following sections discuss the results and accuracy assessment of the classifier in detail.  

IV. RESULTS AND DISCUSSION 

In the year 2016, the study area was received 612mm rainfall in the monsoon season.  Figure 3. shows the SPI value -0.46, which 

indicates the normal drought condition in the area. Therefore, the year was declared a typical drought year by the government of India. 

Consequently, 358mm rainfall was received in 2018 and 540mm in 2019, extremely low for two years. Such type of conditions is 

responsible for the water scarcity problems in the entire region. The SPI value -1.22 shows that the area was affected by severe drought 

conditions. 
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Figure. 3. SPI of year 1981-2019 

According to the obtained result, minor changes are found in the settlement class and barren land class for 4 years. However, 

significant changes were found in the fallow land, vegetation and water class.  These land cover classes were positively affected by 

water scarcity due to the deficient rainfall received in the region. In 2016, the fallow land was classified as 13465H, which 23771H 

highly increased in the year 2019. The sowing was partially completed in the region. 

Furthermore, the sown crops were damaged due to the reduction in the soil moisture. Therefore, the agricultural productions were 

steepest declined in 2019.  Total 55835H area was classified as the vegetation cover in 2016 and 31807H in 2019, which shows that 

the total 18599H vegetation cover was utterly damaged due to water stress. Similarly, the water bodies were classified as 11132H in 

2016 due to sufficient rainfall in 2016. However, in the year 2019, the total 1840H area was classified by the classifier.  Figure 

5(A)(B) shows the classified map of the year 2016 and 2019, which clearly, shows the land cover changes in both the year.  

  

 
Figure. 4. LULC classification using Random Forest (RF) classifier 
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Figure. 5 (A). map of 2016 (B) LULC map of 2019 

V. ACCURACY ASSESSMENT 

The RF method's accuracy was accessed using a confusion matrix, which helps assess the classifier [32, 33, 34, 35]. In this research 

study, we have computed the Overall accuracy (OA), producer's accuracy (PA), user's accuracy (UA) and Kappa values of the year 2016-

2019. It is shown in Table 2. The RF method's overall accuracy was determined to be approximately 92%, with a Kappa coefficient of 0.9 

for 2016. Alternatively, corresponding values of accuracy and Kappa coefficient were 88.69% and 0.85, respectively, for 2019. 

 
Table 2. Error matrix 

 

VI. CONCLUSION 

    In the present research study, the SPI and RF classification method. The SPI was calculated using the historical time series data of the 

39 years from 1981-2019. The SPI value (1.14) for the year (2015-2016) shows normal drought. In contrast, the SPI value of -1.22 shows 

extreme drought because of the rainfall deficiency in the year 2019. The entire region was affected by the worst meteorological drought 

disaster in the year 2019 compared to 2016, which is mainly responsible for the area's water scarcity problems. The LULC analysis showed 

that the vegetation cover was affected due to deficient rainfall in the year 2019. The second dominant area was fallow land, which 23771H 

increased in 2019. These crops were damaged entirely due to scarcity of water for irrigation. Hence used RF method was successfully used 

for the land cover analysis of the study area. 
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Error matrix 

Class Barren land Fallow land Vegetation Settlements Water bodies  Total 

  2016 2018 2016 2018 2016 2018 2016 2018 2016 2018 2019 2018 

Barren land 130 120 16 26 0 0 0 0 0 0 146 146 

Fallow land 15 35 150 130 0 0 0 0 0 0 165 165 

Vegetation 10 5 0 0 140 145 0 0 0 0 150 150 

Settlements 0 0 20 20 0 0 130 130 0 0 150 150 

Water bodies 0 0 0 0 0 0 0 0 150 150 150 150 

Total 155 160 186 176 140 145 130 130 150 150 761 761 

PA (%) 83.87 75 80.64 73.86 100 100 100 100 100 100     

UA (%) 89.04 82.19 90.9 78.78 93.33 96.66 86.66 86.66 100 100     

Overall accuracy-2016 =91.98%, 2019= 88.69, Kappa Value-2016=0.9, 2019=0.85 
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