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Abstract: India is an agrarian economy and largest share of population depend on agriculture. Though there are mechanisms to 

approximately estimate crop yield by means of controlled experiments or past data, the reliability is limited. As a matter of fact, the crop 

yield is based on estimates that may suffer from multiple bias. In recent years, remote sensing images augmented with machine learning 

and deep learning techniques help us get the efficient crop yield statistics based on the crop on the field which help policymakers in devising 

better policies and governance. Remote sensing images of crops under study when subjected to machine learning techniques, one can 

classify the images into homogenous crop classes and record crop health / growth indicators such as Normalized Difference Vegetation 

Index (NDVI), Normalized Difference Water Index (NDWI) and Soil Adjusted Vegetative Index (SAVI) based on the training dataset and 

image quality, which further leads to crop yield estimates with desired level of accuracy. The present study investigates the relationship 

between yield influencing parameters such as physical variables, soil, weather characteristics and vegetation indices. Using correlation and 

multiple regression analysis, most efficient parameters that best estimate the crop yield is determined using the satellite data obtained for 

a study region in central part of the state of Karnataka. It was found that one of the vegetation indices, Soil Adjusted Vegetative Index 

values can predict near to accurate crop yield values by the end of 81 days after transplantation of paddy where as NDVI and NDVI can 

give yield estimated only after 116 days of transplantation. Thus crop yield estimates using SAVI works better in terms of predicting paddy 

yield at least one month before (after 81 days of transplantation) actual harvesting i.e., after 120 days as practiced by farmers in the study 

area. 
Keywords: Crop Yield, NDVI, NDWI, SAVI, Correlation and Regression Analysis 

 

1. Introduction 

In India, huge farming community, small land holding, 

disproportionate economic stability of farmers, varied patterns of 

farming and impulsive marketing practices of agricultural produce,  

render the govt./non-govt. policy making bodies vulnerable to 

fetch accurate yield data. Henceforth yield estimates rely on the 

agriculture department’s data, which are not based on actual crop 

output from fields and rather depend on sample survey or past data. 

Thus there is a despairing need for accurate crop yield data. 

2. Literature Review 

Vegetation indices play an important role in predicting the crop 

yield. According to the studies, in cloud free conditions, satellite 

data provides growth and status of the crop on weekly basis by 

allowing researchers to draw inferences on parameters like 

biomass, plant density and yield(Campos et al., 2019; Punalekar et 

al., 2018, Clevers et al., 2017; Pasqualotto et al.,2019 and Battude 

et. al., 2016; Hunt et al., 2019). 

One more study finds that the derivation of yield from satellite, soil 

and relief data is not insignificant because the yield of each plant 

depends on compound set of factors and it is different for every 

type of crop (Geisler 1988). 

The actual yield of the field is dependent on the number of seeds, 

soil type and therefore soil fertility, water and nutrient supply, and 

duration of sunshine throughout the season (Evans& Fischer, 

1999; Geisler, 1988) 

It was found that the grain yield of cereals, for example, cannot be 

measured explicitly from satellite data, but by the methods which 

are based on biomass, chlorophyll content (Babar et al., 2006; Ren 

et al., 2008, Guo et al., 2018; Serrano et al., 2000). 

The Normalized Difference Vegetation Index (NDVI), Leaf Area 

Index (LAI) or chlorophyll content, which can be related to yield 

are commonly used vegetation indices for yield estimation models 

(Bognár et al., 2017; Marti et al., 2007, Barnes et al., 2000; Viña 

et al., 2011). 

A meaningful correlation between crop yield and the vegetation 

index is not only a question of the suitable vegetation index, but 

also of the time of satellite image acquisition. It is not congruent in 

every phenological stage. For wheat, the phenological growth 

stages of stem elongation, heading and development of fruit until 

early ripening are stated to be suitable to derive spatial yield 

patterns from satellite data (Hack et al., 1992, Knoblauch et al., 

2017; Marti et al., 2007).  

The present study is intended to estimate crop yield of paddy using 

some of the well-known vegetative indices. The study also 

attempts to identify the most appropriate vegetative index among 

the chosen ones. The study involves spatial observation of 40 

paddy plots across all growth phases of the crop starting from 

transplantation to the harvesting. Further with periodically 
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recorded observations of vegetative indices and the resultant yield 

during crop cutting experiment, the correlation analysis was 

carried out and the regression model was arrived, to estimate the 

crop yield with minimal inputs of highly predictive indices as 

found fit in the analysis. 

 

3. Study Area 

In this study, Davangere taluk of Karnataka state of India is 

selected as region of Interest/Study area, where paddy is the major 

crop. Pre-processed satellite images from Google Earth Engine 

for the area of interest was obtained and false color composite was 

obtained by band stacking of three bands B4,B3 and B2. Since the 

study area comes under four tiles, four different images must be 

mosaicked to cover required study area. After mosaicking, the 

study area was superimposed on it to clip the area of interest for 

further processing.  

 

Figure 1. Study Area (Davangere Taluk) 

 
Figure 2. a) Shape file of study area b) Study area superimposed 

on Mosaic and FCC Image c) Clipped Image of study area 

 
Figure 1 shows the study area boundaries and Figure 2a shows the 

shape file of the study area and 2b represents the overlying of 

study area over the satellite sentinel 2 pre-processed image and 2c 

shows the complete clipped area of the Area of Interest. 

4.  Methodology  

The present study is intended to estimate crop yield of paddy 

using some of the well-known vegetative indices. 76 paddy plots 

under cultivation were chosen in the region of Davangere such 

that the plots are spread across all soil types found in the region 

of study. These study plots were also the plots identified by the 

agriculture department to monitor the crop yield at different 

geographical areas to estimate crop yield of the district. Such plots 

are called plots meant for crop cutting experiment (CCE) 

conducted by the department every season. The selected plots 

under paddy cultivation in summer crop were monitored for every 

15 days (observations for every 5 days recorded towards tail-

end/harvesting of the crop to accurately find the cut off duration 

of harvesting) to note three vegetative indices viz., NDVI, NDWI 

and SAVI from 17th January of 2021(date of transplantation) to 

26th May of 2021 (date of harvesting) as a part of longitudinal 

study observations. 

Accurate Crop yield prediction using satellite images has been a 

challenge, since it depends on multiple factors such as weather 

conditions, physical characteristics of plant and the soil, farming 

practices, micronutrients apart from derived vegetative indices 

out of satellite image processing viz., NDVI, NDWI, SAVI and 

many more. The impact of these characteristics on crop yield is 

not persistent for all geographical locations and hence need 

evaluative procedure to determine the set of variables which 

essentially impact the yield. Correlation and multiple regression 

analysis were applied in the present study to arrive at the 

combination of those parameters, which would result in best 

possible crop yield estimates. Longitudinal observations on 

vegetative indices were collected and subjected to data analysis 

to get the yield estimates. 

5. Data Analysis, Results and Discussion 

Farmers were contacted to collect details of plot of the study area 

about prevailing cropping practice, area under paddy, 

fertilizers/pesticides used and harvesting practices. Other 

variables such as soil type, soil profiling were also collected from 

the state agriculture department to study the relationship of all 

these variables with the crop yield. In addition to these variables, 

Sentinel 2 satellite image based vegetative indices viz., NDVI, 

NDWI and SAVI were also collected at regular intervals of time 

(fortnightly) starting from paddy transplantation to harvesting. 

Normalized Difference Vegetation Index (NDVI) was calculated 

by using equation (1) 

𝑵𝑫𝑽𝑰 = (𝑵𝑰𝑹 − 𝑹)/(𝑵𝑰𝑹 + 𝑹)                          (1) 
Similarly the other two indices viz., NDWI and SAVI were also 

calculated using equation (2) and (3). 

𝑵𝑫𝑾𝑰 =  (𝑵𝑰𝑹 − 𝑮)/ (𝑵𝑰𝑹 + 𝑮)                                (2) 

𝑺𝑨𝑽𝑰 = 𝟏. 𝟓 ∗ (𝑵𝑰𝑹 − 𝑹)/(𝑵𝑰𝑹 + 𝑹 + 𝟓𝟎𝟎𝟎)                         (3) 
Data collected was further subjected to correlation & multivariate 

regression analyses. Yield estimates of these plots were collected 

from crop cutting experiments of the state agricultural 

department. The data so gathered was used for correlation 

analysis and it was found that there is no statistically significant 

correlation between crop yield and the other variables (Crop age, 

Variety, source of irrigation (SOI), fortnightly collected 

NDVI/NDWI/SAVI values from Jan17 to May 26 of 2021 and 

soil characteristics such as pH, OC, Nitrogen, Phosphorous, 

Potassium and other micro nutrients). It is evident from the 

analysis that the correlation between crop yield and the other 

parameters considered yields statistically insignificant 

correlations as the crop yield is a compounded effect of many 

other factors like weather condition, rainfall, wind speed, farmers’ 

effort & care, agricultural practice, potential of the variety and 

optimum harvesting time which are not a part of this study. Hence 

change in the pattern/extent of correlation during the period of 

study was noted. 

However, the correlation between crop yield and the vegetative 

index NDVI indicate a drop in the extent of correlation at the 

ripening stage of grains/towards harvesting of the crop 

(coefficient of correlation r = 0.155 as recorded on April 21 and r 

= 0.009 as recorded on April 26th of 2021), this can be attributed 

to the change in crop colour from green to light brown (dried up) 

crop when observed from the satellite (canopy view). The detailed 

correlation analysis to ascertain correlation between NDVI values 

and other variables is as shown in Table1. 

5.1 Correlation analysis 

Karl-Pearson’s correlation coefficient (r) is used to study the 

correlation between crop yield of paddy (as collected from crop 

cutting experiments) and other variables concerned to the growth 

of paddy (Crop age, Variety, source of irrigation (SOI), soil 

characteristics such as pH, OC, Nitrogen, Phosphorous, 

Potassium and other micro nutrients and vegetative indices 

(NDVI, NDWI and SAVI) collected at different time points 

across the growth phase of paddy after transplantation. Since the 
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correlation between these variables and the crop yield is just 

partial (as the crop yield is a compounded effect of many other 

variables such as weather, humidity, wind speed, fertility of soil, 

potential of seed variety, farmers’ care, application of timely 

fertilizers, pesticides, optimum harvesting time etc., which are not 

a part of this study) in most of the cases, insignificant correlation 

is observed. In all such cases, especially when tracking the time 

series of NDVI, NDWI and SAVI, change in the nature/extent of 

correlation is observed (rather than its statistical significance) to 

relate to the change in physical characteristics (crop colour / crop 

aging) of the crop under study. 

Correlation between two variables is tested with the following 

null hypothesis using t-test at 5% level of significance. 

H0: There is no significant correlation between two variables 

under study (Crop yield and other variables taken one at a time)

                        ……..…(I) 

If p-value corresponding to the correlation coefficient is < 0.05, 

the null hypothesis stated in (I) gets rejected stating that there is a 

statistically significant correlation between the variables 

considered. Otherwise if p-value corresponding to the correlation 

coefficient is ≥ 0.05, the resulting correlation is statistically 

insignificant (insig.). 

Table 1 Correlation of Crop Yield with NDVI & Other Study Parameters 

Correlating 

variables with 
Crop Yield 

Correlation with Yield 
Statistical 

Significance Correlation 

Coefficient (r) Sig. 

Crop age (Days) -.181 .118 Insig. 

Variety .136 .243 Insig. 

SOI* .091 .436 Insig. 

Jan17** -.004 .975 Insig. 

NDVI Feb1 -.047 .686 Insig. 

NDVIFeb16 -.165 .155 Insig. 

NDVIMar2 .052 .653 Insig. 

NDVIMar17 .112 .336 Insig. 

NDVIApr1 .023 .844 Insig. 

NDVIApl16 .096 .411 Insig. 

NDVIApl21 .155 .181 Insig. 

NDVIApr26 .009 .939 Insig. 

NDVIMay11 .087 .456 Insig. 

NDVIMay26 .085 .465 Insig. 

pH -.017 .882 Insig. 

EC .133 .254 Insig. 

N .059 .611 Insig. 

P .093 .423 Insig. 

K .096 .408 Insig. 

S .091 .436 Insig. 

Zn .064 .584 Insig. 

Fe -.031 .792 Insig. 

Cu .009 .936 Insig. 

Mn .155 .180 Insig. 

B -.094 .419 Insig. 

 
*Source of irrigation 

**NDVI values collected from Jan17 to May 26 of 2021in the 

study area 

 
Table 1 exhibits the correlation between crop yield of paddy and 

the other variables under consideration. It may be noted that 

correlation between crop yield and multiple other parameters is 

insignificant almost for all variables under study. This may be 

attributed to the fact that crop yield depends on compounded 

effect of all the variables under study. However some NDVI 

values viz., NDVIFeb16, NDVIApl21, NDVIApr26, 

NDVIMay11 are retained in regression model (Table 2 &3) to 

predict crop yield. 

5.2 Regression Model to predict crop yield 

Analysis of variance (ANOVA) is a statistical analysis tool which 

splits an observed mean variability found inside a data set into two 

parts: systematic factors and random factors. The systematic 

factors have a statistical influence on the given data set, whereas 

the random factors do not. In the study, ANOVA test is used to 

determine the influence that independent variables (different 

vegetative indices) have on the dependent variable (crop yield) in 

arriving at a regression (predictive) model. 

The regression model uses the following null hypothesis 

H0: Regression model is not a good fit between independent (or 

predictor variables in the present study viz., NDVI/NDWI/SAVI 

collected periodically) and dependent variable (i.e., crop yield). 

..……..(II) 

 

The null hypothesis stated in (I) is tested for its validity by 

calculating F-ratio, which is a test statistic / test procedure used to 

find the goodness of fit of regression model between the variables 

under consideration. Usually it is tested at 5% level of significance 

(or tested at 95% confidence level).  

 

F-Statistic/ F-Ratio is found to draw statistical inference using 
Analysis of Variance (ANOVA) as 

 

F = 
𝑀𝑒𝑎𝑛 𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛 𝑠𝑢𝑚 𝑜𝑓 𝑠𝑞𝑢𝑎𝑟𝑒𝑠

𝑀𝑒𝑎𝑛 𝑒𝑟𝑟𝑜𝑟 𝑠𝑢𝑚 𝑜𝑓 𝑠𝑞𝑢𝑎𝑟𝑒𝑠
  at desired level of significance 

(α), which is 5% for the present study.  

It is calculated as a ratio of mean regression sum of squares and 

mean error sum of squares with respective degrees of freedom 

(Degrees of freedom: Number of independent components in a 

given dataset with one estimable parameter). The degrees of 

freedom for ‘n' samples will be (n-1). 

 

If F-ratio is close to 1 (or corresponding p value >0.05), there is no 

true variance existing between the groups and hence (H0 stands 

accepted) the regression model do not fit between the variables 

considered. Otherwise if F-ratio is away from 1 (or corresponding 

p value <0.05), there is a true variance existing between the 

variables under study and hence (H0 stands rejected) the regression 

model fits between the variables considered. 

 

After the regression model is found fit to the data, the regression 

coefficients (unstandardized coefficients ‘b’ and Beta) were 

obtained as a part of regression analysis. Since Beta gives the 

regression model by considering units of measurement of 

independent variables to be same, it is always practiced to use 

coefficients under ‘b’ to explain the linear regression between 

dependent (crop yield) and other independent variables 

(NDVI/NDWI/SAVI collected at different time points of the crop 

growth (paddy). The following linear regression model is stated 

based on the coefficients so obtained. 

 

To further test the significance of the derived coefficients 

corresponding to the independent variables the following null 

hypothesis is tested at 5% level of significance using t-test. 

H0: There is no significance of independent variable (i.e., 

unstandardized coefficient ‘b’ corresponding to NDVI or NDWI 

or SAVI at specific time points) in explaining the dependent 

variable Y (i.e., crop yield).             

………(III) 
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If the p-value (corresponding to the coefficient b1for example) is 

less than 0.05, then we reject the null hypothesis stated in (II) and 

conclude that an independent variable b1 is statistically significant 

in explaining the dependent variable Y 

 
Y= a + b1x1+b2x2+b3x3…..+bnxn                                     (1) 

Where,  

Y is the dependent variable (crop yield) 

b1 is the coefficient corresponding to independent variable x1 

b2 is the coefficient corresponding to independent variable x2 and 

so on. 

5.3 Regression Analysis using NDVI 

Table2 shows the Regression analysis applied with stepwise 

elimination of inefficient independent variable through iterative 

process yielded the befitting regression model with sig. value 

0.003<0.01 (refer to the rule of rejecting the hypothesis stated in 

(II)), indicating a good fit for regression model. The corresponding 

regression model involved predicting variables to be NDVI values 

recorded on Feb16, April21, April26 and May11 i.e., NDVI values 

recorded on day after transplantation of paddy would contribute in 

estimating the crop yield of paddy. 

Model Summary - NDVI 

Table 2 ANOVA& Regression Model to predict crop yield using 

NDVI 

ANOVA for regression model fit 

Model 
Sum of 

Squares DF MSS F Sig. 

Regression 141.9 4 35.4 4.44 .003 

Residual 567.3 71 7.9     

Total 709.2 75       

 
Table 3 Regression coefficients using NDVI 

    

  

  

Model 

Unstandardiz

ed 

Coefficients 

  Unstandardiz

ed 

Coefficients Sig. 

  b SE Beta   t  
(Consta
nt) 

15.1 2.3    6.36
0 

.00
0 

Feb16 

-8.8 3.8 -.246 

  -

2.25
9 

.02

7 

Apl21 
30.9 8.1 .872 

  3.77

3 

.00

0 

Apr26 
-40.7 11.5 

-
1.02

7 

  -
3.53

0 

.00

1 

May11 
17.2 7.6 .383 

  2.24
8 

.02
8 

 
Note from Table3 that for all unstandardized coefficients “b”, the 

corresponding p-values (sig.) are less than 0.05 we reject the null 

hypothesis (III) stated using observed NDVI values and conclude 

that there is a statistically significant relationship between the 

predictor variable (NDVI observations collected on February 16, 

April 21, April 26 and May 11and the response variable i.e., crop 

yield. In other words the predictor variable significantly explains 

the response variable i.e., crop yield. 

 

The resultant regression equation using the relation in equation (1) 

and the coefficients noted from Table3 was 

Crop Yield = 15.123-8.808(NDVI of Feb16) +30.929*(NDVI on 

Apr21)-40.762*(NDVI on Apr26) +17.277*(NDVI on May11). 

Or 

Crop Yield = 15.123-8.808(NDVI of 16thday) +30.929*(NDVI 

on 81st day)-40.762*(NDVI on 86th day) +17.277*(NDVI on 

115th day). 

5.4 Correlation & Regression analysis using NDWI 

 

Similar study with NDWI values collected on the same time points 

was subjected to correlation and regression analysis. 

Table 4 exhibits the correlation between crop yield of paddy and 

the other variables under consideration and longitudinal data 

collected using NDWI. It can be noted that correlation between 

crop yield and multiple other parameters is insignificant almost for 

all variables under study. This may be attributed to the fact that 

crop yield depends on compounded effect of all the variables under 

study. However some NDWI values viz., NDWIFeb16, 

NDWIMay11 are retained in regression model (Table % & 6) to 

predict crop yield. 

Table 4 Correlation of crop yield with NDWI& other study variables 

Correlating 

variables with 

Yield 

Correlation with Yield 
Statistical 

Significance Correlation 
Coefficient p-value 

Days 
-.181 .118 

Insig. 

Variety .136 .243 Insig. 

SOI* .091 .436 Insig. 

NDWIJan17*
* 

-.142 .220 
Insig. 

NDWIFeb1 -.180 .120 Insig. 

NDWIFeb16 .205 .076 Insig. 

NDWIMar2 -.023 .842 Insig. 

NDWIMar17 -.026 .826 Insig. 

NDWIApr1 -.047 .689 Insig. 

NDWIApl16 -.235* .041 Insig. 

NDWIApl21 -.183 .114 Insig. 

NDWIApr26 -.182 .115 Insig. 

NDWIMay11 -.271* .018 Sig. 

NDWIMay26 -.138 .236 Insig. 

pH -.017 .882 Insig. 

EC .133 .254 Insig. 

OCN .059 .611 Insig. 

P .093 .423 Insig. 

K .096 .408 Insig. 

S .091 .436 Insig. 

Zn .064 .584 Insig. 

Fe -.031 .792 Insig. 

Cu .009 .936 Insig. 

Mn .155 .180 Insig. 

B -.094 .419 Insig. 

*Source of irrigation 

**NDWI values collected from Jan17 to May 26 of 2021in the 

study area 

Model Summary –NDWI 

The regression model was significant with p-value = 0.013 <0.05 

as shown in Table5.  
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Table 5 ANOVA & Regression Model to predict crop yield using 

NDWI 

ANOVA for Regression Model Fit       

Model 

Sum of 

Squares DF MSS F Sig. 

Regression 78.9 2 39.4 4.574 .013 

Residual 630.2 73 8.6   

Total 709.2 75    

 
Table 6 Regression coefficients using NDWI 

Model 

Unstandardized 

Coefficients 

Unstandardized 

Coefficients Sig. 

  B SE Beta t   

(Constant) 10.5 2.8  3.63 .001 

Feb16 5.9 3.3 .194 1.75 .043 

May11 -18.0 7.5 -.264 -2.38 .020 

 
As evident from Table 6, for all unstandardized coefficients “b”, 

the corresponding p-values are less than 0.05 and hence we reject 

the null hypothesis (II) stated using observed NDWI values and 

conclude that there is a statistical significance of a predictor 

variable (NDVI observations collected on February 16, April 21, 

April 26 and May 11 in explaining the response variable i.e., crop 

yield.  

Accordingly obtained the regression equation using (1) and 

regression coefficients of Table 6 is as follows. 

Crop Yield = 10.506+5.909(NDWIFeb16) -

18.059(NDWIMay11) 

Or 

Crop Yield = 10.506+5.909(NDWI on Day16) -18.059(NDWI 

on Day115) 

5.5 Correlation & Regression analysis using SAVI 

Soil adjusted Vegetative Index (SAVI) values collected on the 

same time points (as that of NDVI and NDWI) were subjected to 

correlation and regression analysis and the results obtained were 

as follows. 

Table 5 shows correlation between crop yield and other variables 

under study. It is observed that between SAVI recorded on April 

16th and that on April21stof 2021, there is a change in correlation 

coefficient from r = 0.177 to r = 0. 227 attributing to the change in 

colour of the crop when observed from the satellite. Though 

correlation between crop yield and the other variables found 

insignificant in many cases (as the crop yield may not significantly 

depend only on one variable under study and that it may be due to 

the compounded effect of multiple variables), some SAVI 

observations ate retained by the regression model (Table 8 & 9) 

i.e., SAVI values read on February1, February 16 and April 21 of 

2021. 

 

Regression model was significant with p-value = 0.032<0.05 as 

shown in Table 8. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 7 Correlation analysis of crop yield with SAVI& other 

study variables 

Correlating 

variables with 

Yield 

Correlation with Yield Statistical 

Significanc

e 
Correlation 

Coefficient Sig. 

Days 
-.181 .118 

Insig. 

Variety .136 .243 Insig. 

SOI* .091 .436 Insig. 

Jan17** .031 .792 Insig. 

SAVIFeb1 .003 .979 Insig. 

SAVIFeb16 -.171 .141 Insig. 

SAVIMar2 .074 .524 Insig. 

SAVIMar17 .066 .572 Insig. 

SAVIApr1 .103 .375 Insig. 

SAVIApl16 .177 .126 Insig. 

SAVIApl21 .227* .049 Sig. 

SAVIApr26 .178 .123 Insig. 

SAVIMay11 .222 .054 Insig. 

SAVIMay26 .176 .128 Insig. 

pH -.017 .882 Insig. 

EC .133 .254 Insig. 

OCN .059 .611 Insig. 

P .093 .423 Insig. 

K .096 .408 Insig. 

S .091 .436 Insig. 

Zn .064 .584 Insig. 

Fe -.031 .792 Insig. 

Cu .009 .936 Insig. 

Mn .155 .180 Insig. 

B -.094 .419 Insig. 

*Source of irrigation 

**SAVI values collected from Jan17 to May 26 of 2021in the study 

area 

 

Continuing with one more vegetative index SAVI (Table8), the 

regression analysis yielded regression model being fit with p-value 

= 0.032<0.05. The variables involved were SAVI values collected 

on February1, 16 and April 21. 

Model Summary - SAVI 

Table 8 ANOVA and regression model to predict crop yield 

using SAVI 

ANOVA for Regression Model Fit 

Model 

Sum of 

Squares DF MSS F Sig. 

Regression 81.2 3 27.0 3.10 .032 

Residual 627.9 72 8.7   

Total 709.2 75     
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Table 9 Regression Coefficients using SAVI 

      

Model 

Unstandardized 

Coefficients 

 Unstandardized 

Coefficients Sig. 

  B 

Std. 

Error Beta 

 

t  
(Constant) 11.4 2.5   4.43 .000 

Feb1 21.0 12.1 .252  1.73 .088 

Frb16 -20.9 9.4 -.319  -2.22 .029 

Apl21 16.6 7.2 .262  2.30 .024 

 
The resultant model with the help of (1) and regression coefficients 

from Table 9 wad as follows. 

 
Crop Yield = 11.483+21.042(SAVIFeb1) -20.996(SAVIFeb16) 

+16.623(SAVIApr21) 

Or 

 

Crop Yield = 11.483+21.042(SAVI on Day1) -20.996(SAVI on 

Day16) +16.623(SAVI on Day81) 

 

6. Results & Discussion 

6.1Comparative evaluation of regression models 

The factors evident from correlation analysis followed by 

regression modelling confirm that physical characteristics and 

micronutrients do not explicitly influence the crop yield whereas 

the reflectance values based on satellite images and resulting 

vegetative indices do help in estimating crop yield towards the end 

of crop maturity (i.e., about 86 days to 117 days for paddy after 

transplantation). All vegetative indices considered in the study 

show similar trend of decrease/increase in their values (decrease in 

NDVI, SAVI and increase in NDWI) after 86 days of 

transplantation. 

 

It is also indicative from Table2 and Table3, yield prediction 

models using NDVI and NDWI use 4 reflectance values from 

February 16(Crop age of 25 days after transplantation) to May11 

(110 days) and 2 reflectance values of February16 (25 days) and 

May11 (110 days) respectively. However prediction model using 

SAVI uses 3 reflectance values of February1 (10 days), 

February16 (25 days) and April21 (90 days) as shown in table- 5 

which are away from average cut off harvesting day of 100 days 

and hence be considered as an efficient yield predictor model when 

compared to that using NDVI and NDWI. 

The chart in Figure 3 shows that comparative evaluation of 

different vegetative indices under study against a time series with 

15 days of periodicity set across the paddy growth phases starting 

from transplantation till harvesting as observed in the study area. 

One can observe that all indices converge similarly between the 

dates Apr 26 and May 11 and the same can be found in 

change/decline in the extent of correlation in Table10. 

 

 

Figure  3. Time series data of NDVI, NDWI and SAVI 

Table10 Comparative Evaluation of vegetative indices 
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Figure 3 is a graphical representation of the data exhibited in 

Table-7 to note the pattern of change in all the three indices after 

crossing April 26th of 2021, that is between 81 and 101 days of 

growth after transplantation of paddy signifying the fact that NDVI 

and SAVI are decreasing (attributing to the change in appearance 

of crop colour from green to brown when observed from the 

satellite) and NDWI increasing (indicating the change of watery 

land to a dry land when the paddy is getting ready for harvesting). 

Thus it may be concluded that the optimum duration for harvesting 

paddy is after 100 days of transplantation after confirming the 

dryness quality/readiness of the crop to store after harvesting. 

7. Conclusion and Future Work 

Though the crop yield of paddy depends on various factors such as 

weather, soil type, micronutrients, farmer’s timely care, rainfall 

and many more, it can be precisely estimated only after harvesting, 

which is impossible in Indian context as there is no unique 

regulatory body that administers crop harvesting or takes stock of 

agricultural produce after harvesting. But various agricultural 

policy making bodies need current year yield of the crop to arrive 

at better policies/decisions for the next year. The present study 

attempted to estimate the crop yield using satellite images using 

vegetative indices such as NDVI, NDWI and SAVI. The change in 

the correlation between crop yield based on CCE and any of the 

vegetative index under study indicates suitable time of harvesting 

after a minimum of 100 days after transplantation of paddy. 

Further, multiple regression analysis carried out using each of 

these indices gave a suitable model to estimate crop yield just by 

knowing 2 to 4 values of these indices from their corresponding 

time series.  

Using SAVI, the number of data points to estimate crop yield were 

only three, with third SAVI reading collected on 90th day of the 

crop which is at least a month away from average harvesting 

duration of 120+ days (practiced in the area of interest by the 

farmers after judging the optimum dryness of paddy grains) and 

hence SAVI is considered to be the most suitable vegetative index 

to estimate the yield of paddy in the area of interest under study. 
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However model using NDVI uses 4 values ranging from 16th day 

to 115th day of the crop and the model using NDWI uses only two 

values, one on Feb 16th and the other on 115th day of the crop, 

which is the harvesting duration of most of the farmers and hence 

crop yield prediction beforehand is not possible. 

 

Further studies in this direction with better accuracy/ease can be 

arrived at by using high resolution satellite images and the 

appropriate vegetative index among multiple such indices 

available. The study may be extended with more CCE plots across 

the district and larger geographical area. 
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