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Abstract. In Agriculture, the weather-based variations are deliberated to estimate the crop insurance payout. This research model includes
linear regression technique (LR) for air temperature payout prediction and fuzzy based choquistic regression (FCR) technique for rainfall
payout prediction of agricultural blocks. Then the combined indices of rainfall, relative humidity and air temperature are considered as input to
the proposed model named fuzzy based Quasi Poisson Regression technique (FQPR) implementing the multi-indices evaluation function that
performs the total payout prediction per hectare of the specified block. The deviations in weather indices determine the insurance payout value
with the threshold parameter specified as per policy makers. Thus, the proposed techniques can support the prediction of the total insurance
payout with additional weather parameters for the seasonal period of the selected crop for selected five districts with reduced error rate. The
results show that the proposed work is appropriate for combining weather indices and predicting the total insurance payout of the groundnut
crop of the selected districts.
Keywords: agricultural crop insurance, data mining, fuzzy logic, regression models, insurance payout

Introduction
As a result of natural calamities and adverse weather
conditions of farming in India, the weather-based crop insurance
scheme is existent in India. The national crop insurance scheme
(known as Pradhan Mantri Fasal Bima Yojana) is an area-based
yield insurance scheme launched in 2016. Although it covers
the majority of area under crop insurance, weather-based index
insurance scheme had area coverage of 1.7 million hectares in
the country in 2016 (Gulati et al., 2018). Under this scheme,
claim payments to farmers are linked directly to weather
parameters like rainfall, humidity and temperature (Adivappar
et al., 2014). It stayed developing to stabilize the income of
farmers and to provide the financial support and insurance
coverage to the farmers in the event of failure of any of the
notified crops. According to this scheme there exist the needs
to adopt innovative and contemporary agricultural practices to
encourage farmers (Agricultural Finance Corporation Ltd, India,
2011). And the key advantage of the weather index-based crop
insurance is that the payouts could be made faster and it is
more transparent with the transaction costs lower. Moreover,
index insurance uses objective, publicly available data. But

the primary requirement of the weather index insurance is to
estimate the percentage deviation in crop output due to adverse
deviations in weather conditions. It also discusses the crop
insurance modeling and the statistical techniques to specifically
workout the relationships between payout estimation and
weather parameters (Mangani and Kousalya, 2019a; Paresh
et al., 2019). This gives the relationship between the economic
losses suffered by farmers due to weather variations and also
estimates the payouts that will be payable to them. Many
countries like Mexico, India, Ukraine, Malawi, Ethiopia and
China are piloting the weather index-based crop insurance for
some years. The weather parameters so far indexed include
rainfall (deficit, excess, dry-spell, and wet-spell), temperature
(minimum, maximum, mean), and relative humidity, etc.
A quick review of a series of Data Mining techniques
(Mucherino et al., 2014; Aman Vohra et al., 2019) provides the
model applied in the agricultural domain. It includes k-means,
bi-clustering, and K nearest neighbor, Neural Networks (NN),
Support Vector Machine (SVM), Naive Bayes Classifier and Fuzzy
C-means. Those surveys also summarize the application of data
mining techniques and the predictive modeling application within
the agriculture field. Researchers have performed the innovative
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model on the numerical data to predict the incremental payments
in loss reserving in insurance. The new Hybrid Model with the
optimized h-value produces better results than the classical
GLM. However, it produces best results reliable with the Reserve
Prediction Error and Reserve standard Deviation, but the mean
square error criterion isn’t satisfied.
From the mean square error prediction, it is substantiated
that the alternative assessment of the new hybrid model with
an optimized h-value predicts the incremental payments
better than the classical log-Poisson regression model.
It uses the methodical assessment of parameters on two
different numerical data to predict incremental payments in
loss reserving (Woundjiague Apollinaire et al., 2018; 2019).
Automatic machining systems collecting datasets from various
sources are integrated under a GIS platform and therefore the
corresponding procedures in Accident Hazard Index (AHI) are
done with quasi-Poisson regression model which is usually
suggested for analyses and the results show that the model
is acceptable for dealing with over-dispersed count data and a
number of other key explanatory variables were found to have
an impact on the estimation of AHI (Lu Ma et al., 2014).
A generalization of logistic regression based on the Choquet
integral which helps to capture non-linear dependencies and
interfaces among predictor variables in the regression model
while preserving the properties of logistic regression, namely the
comprehensibility of the model and make certain its monotonicity
in separate predictors. It is also presented that choquistic
regression consistently improves upon standard logistic
regression in terms of predictive accuracy (Ali Fallah Tehrani
et al., 2011). More predominantly, regression analysis shows
how the typical value of the dependent variable changes when
any one of the independent variables is varied, while the other

Figure 1a. Sample weather dataset for district
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independent variables are held fixed. The analyzed data with
regression technique showed the effect of chlorophyll content on
the number of flowers (Hooman Fetanat et al., 2015).
Considering all the above views this research paper was
designed to include regression technique for modeling and
analyzing variables that include fuzzy technique in choquistic
regression (FCR) and Quasi Poisson Regression algorithm
(FQPR) that predict the air temperature, rainfall and air humidity
total insurance payout per hectare for the specified blocks to be
paid as per policymakers. It is done by the weather assessment
of districts as defined by the State Government to identify the
adverse weather conditions with the trigger factors to cover
high/low/medium risk districts similarly in such a way that
each cluster contains a mix of agriculture blocks in district with
different risk profiles. Instead of using only rainfall based index
an agro-meteorological index like air temperature and relative
humidity that impacts the crop growth can be considered for
weather-based crop insurance in India (Mangani and Kousalya,
2019b).
Material and methods
Dataset collection and methodology
Data mining helps to analyze the weather indices like Air
temperature, Relative Humidity and Rainfall with the specified
Threshold values and predict the total payout of the agriculture
blocks of selected district by the Phase-valued Quasi-poison
Regression Techniques. The weather datasets are collected
from Tamilnadu Agriculture weather network (TAWN) for the
selected districts of Tamilnadu of India. The sample weather
dataset is shown in Figure 1a and the payout term sheet for
rainfall is shown in Figure 1b.

Figure 1b. Rainfall term sheet payout

The proposed methodology consists of three procedures.
The first procedure is based on the single-phase weighted
temperature by linear regression method. The second
procedure is based on different phases by multiphase weighted
rainfall by choquistic regression which is done based on sample
term sheet as shown in Figure 1b. The third procedure is based
on Multi-indices evaluation logic by quasi-poisson regression
with the fuzzy logic used to generate the total payout values
and measuring the performance metrics by graphs and charts.
Linear regression (LR) techniques for Air Temperature
payout
Linear regression equation (1) for air temperature uses
least squares method to find the line of best fit for data which
minimizes the sum of squares residuals. Here the independent
value Y is the payout value to be predicted and Xi value is the
Air temperature from the given weather dataset and €I is the
error term in predicting the value of Y, given the value of X.
(1)
Yi = α + βXi + €i
The calculations for slope β are based on the statistics
shown in Equation (2). MX is the mean of X; MY is the mean of
Y; sx is the standard deviation of X, sy is the standard deviation
of Y, and r is the correlation between X and Y. The slope (β) can
be calculated as follows:
(2)
β = r (sy/sx).
The Variations in temperature (degrees Fahrenheit) over the
variation in payout per hectare amount is shown as regression
line in Figure 2.

Fuzzy Choquistic Regression (FCR) for rainfall payout
The logistic regression is a well-recognized statistical
method for probabilistic classification, the assumption of a linear
dependency between predictor variables and log-odds ratio, it
gives a linear decision borderline. The Probabilistic modeling
for logistic regression for the variables w0, w1 assumed is
shown in Equation (3):
(3)
P(y=1|x) = (1+ exp(-wo-wTx))-1
To be more operational to obtain non-linear decision
boundary the linear model is replaced by the Choquet integral
as a more flexible operator for aggregating the input attributes.
The probabilistic modeling for choquistic regression is shown
in Equation (4).
(4)
P(y=1|x) = (1+exp(-γ(Cμ(fx)−β))-1
Where Cμ(fx) is the Choquet integral (with respect to the
measure μ) of the evaluation function fx :{c1,…, cm} [0, 1] that
maps each attribute ci to a value xi = fx (ci); β and γ € R are
constants. It combines probabilistic modeling primary logistic
regression with the benefit of the Choquet integral as a flexible
aggregation operator to capture interfaces between predictor
variables to increase the flexibility to preserve interpretability
and monotonicity which achieves consistent gains with higher
interaction between variables tends to come with higher gain.
Fuzzy based Quasi-Poisson Regression Approach (FQPR)
The proposed model FQPR uses quasi-likelihood models as
an alternative to the traditional Poisson and negative binomial
regression models. In Quasi-Poisson model, the variance is
assumed to be the mean multiplied by a dispersion parameter.
Therefore, the quasi-Poisson model is capable of considering
over dispersed data, which is a common characteristic in
agriculture insurance payouts. A fuzzy measure that can be
applied on C= {c1, c2…cm) is a set function µ:2c→ [0,1] which
is monotonic or normalized value. It specifies the importance
of subsets of predictor variables and their influence on the
probability of the positive class.
Estimation of total payout with Fuzzy Quasi-Poisson
Regression
This Research work considers a crop insurance company
which predicts the total payout for selected areas in a period of
time (year). At some point in time there will however be no more
payouts due to the absence of specific weather parameter in
that case the additional weather indices are considered. The
estimation of total payouts is done using a Generalized Linear
Model (GLM), especially the quasi-Poisson regression. Let Y
be a random input variable in Equation (5) such that:
(5)
E(Y) = µ, var(Y) = Vpoi(µ) = øµ

Figure 2. Linear regression line

Where E(Y) is the expectation of Y, var(Y) is the variance
of Y, µ>0 and θ>1. E(Y) is also known as the ‘‘mean’’ of the
distribution. Although µ>0, the data themselves can be any
non-negative integer. In Equation (6), θ is an over dispersion
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parameter. The close relationship between Equation (5) and
the expectation and variance of a Poisson distribution, along
with the use of a log link function, called as ‘‘quasi-Poisson’’
model, denoted in Equation (6):
Y ~Poi(µ,θ)
(6)
The quasi-Poisson model is characterized by the first two
moments mean and variance and the distribution of model
requires re-parameterization. For quasi-Poisson regression,
the model assumes Y ~ Poi(µ,θ) and let the mean µi for the
ith observation vary as a function of the covariates (β) for the
below observation.
Consider the mean µi>0
µi = exp (β0 + β1x1,j +…..++ βpxp,j)

Figure 3a. Temperature payout training data

(7)

Generalizing the equation (7) it can be written as the vector
of mean parameters:
(8)
µ= g-1(Xβ)
Where g-1 is the exponential function in Equation (8), X is
a design matrix of both continuous and categorical covariates,
and β is a vector of parameters (regression coefficients).
The ith row x1i of X contains the covariates for the ith
observation. Alternatively, it can be written as g(µ)= Xβ, where
g is the log function, and also it is called as the link function that
can take many forms. The analysis is made on multi-indices
such as air temperature, relative humidity and rainfall and the
payout for different phases of time period is given as the design
matrix as X and regression coefficients β as the multi-indices
parameters. The variance of a quasi-Poisson model is a linear
function of the mean while the variance of a negative binomial
model is a quadratic function of the mean. These variance
relationships affect the weights in the iteratively weighted leastsquares algorithm of fitting models to data. The fuzzy logic
makes the large and small counts get weighted differently in
quasi-Poisson regression for predicting the crop insurance
payout.

Figure 3b. Rainfall payout training data

Figures 4a and 4b show the temperature and rainfall payout
training data with the payout to be paid per hectare. Figure 4b
shows the daily temperature on monthly basis and the payout
details per hectare.

Results and discussion
In this study, the performance of the proposed FCR
and FQPR for the crop insurance payout prediction model
is analyzed and compared with existing prediction model
by using MATLAB 2018a. The collected dataset consists
of weather parameters such as Air temperature, Relative
humidity and Rainfall is done for groundnut crop of selected
agricultural blocks. The comparison analysis is made in
terms of different metrics like MSE (Mean Squared Error,
MAE (Mean Absolute Error, Pvalue (Precision Value) and CC
(Correlation Coefficient).
Figures 3a and 3b present the training data included to the
regression models like linear regression, choquistic and quassipoisson. It supplies the rise in degrees with the threshold and
payout value.
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Figure 4a. Generated payout at application level

Figure 4b. Temperature payout test data

The proposed regression model is tested with Test-data
and the results are shown in Figures 5a and 5b. Figure 5a

shows the different phases of data taken in 15 days’ interval
of temperature on monthly basis and the payout details per
hectare. Figure 5b shows the predicted total payout per
hectare for the specified agriculture block Yercaud with the
combined indices like temperature, rainfall and humidity.

Figure 5a. Multiphase temperature payout test data

Figure 6b. Mean Squared Error

Figure 5b. Multiphase multi-indices payout test data

Error rate with Mean Squared Error
The typical error of the estimate is a measure of the
accuracy of predictions. The regression line is the line that
minimizes the sum of squared deviations of prediction (also
called the sum of squares error). It is computed when the
regression starts working. Figure 6a shows the reducing
of the error rate at the iteration level 200. It measures the
average of the squares of the errors which is the average
squared difference between the estimated values and the
actual value. It is denoted in Equation (9):
(9)
MSE = 1/N ∑Ni=1 (yi – estimate(yi))2
Figure 6a shows the decreasing error rate at the iteration
level 200 when the application runs and also shows Error
per epoch rate is also decreasing and Figure 6b shows the
decreasing rate of mean squared error in the models FCR and
FQPR.

Performance metrics
A Precision-value (Pvalue) in regression may be used to
assess the null hypothesis (that the coefficient has no effect).
A low p-value (of less than 0.05) is said to be statistically
significant, that it can reject the null hypothesis. Here, the
P value is higher which determines the model is better. The
correlation coefficient between the two variables x and y
is the geometric mean of both the coefficients. The values
of correlation coefficients will be a common sign of both the
regression coefficients.
Table 1 shows the comparison of MSE, MAE, Pvalue and
Correlation coefficients between proposed crop insurance
payout prediction models and existing models for Salem district.
From the data presented it can be studied that FQPR model is
better than FCR and LR model, and the Pvalue of the FQPR
stands higher than other models and the error rate which is
measured by MAE and MSE is decreased from 10.91%, 7.06%
to 5.2% to 2.7%,2.4% to 1.2% consequently in the Salem
district of Tamilnadu.
Table 1. Analysis of Regression models for Salem District

Salem
Performance metrics
MSE
MAE
Pvalue
Correlation coefficient

Regression methods
LR
FCR
FQPR
2.7007
2.4434
1.2634
10.9124
7.6069
5.2224
1.1033
1.4701
2.7158
0.3409
1.4678
2.1754

*LR- Linear regression; FCR- Fuzzy Choquistic Regression;
FQPR- fuzzy based Quasi Poisson Regression technique.

Figure 6a. Error rate

Table 2 shows the comparison of MSE, MAE, Pvalue and
CC between proposed and existing models for Coimbatore.
The FQPR model performs better than other models in terms of
MAE, MSE and Pvalue for the Coimbatore district. Correlation
coefficient shows that the proposed model has higher
correlation rate of payout about 0.3%, 0.9% to 1.3% with the
weather parameters like Air Temperature, Rainfall and Relative
humidity in Coimbatore district of Tamilnadu.
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Table 2. Analysis of Regression models for Coimbatore District

Coimbatore
Performance metrics
MSE
MAE
Pvalue
Correlation coefficient

Regression methods
LR
FCR
FQPR
3.6012
1.7414
1.0529
12.3727
4.8576
3.6689
0.6587
1.0033
2.1009
0.3420
0.9804
1.3959

*LR- Linear regression; FCR- Fuzzy Choquistic Regression;
FQPR- fuzzy based Quasi Poisson Regression technique.

Conclusion
This research work derives the total insurance payouts
to be paid to the specified blocks of districts of Tamilnadu
by combining the weather indices air temperature, relative
humidity and rainfall payout per hectare with their corresponding
threshold and the period of payout. This is done with the
multiple phases of weather data as intervals using regression
techniques. Based on this newly proposed FCR and FQPR,
regression models can be trained for multiple districts to predict
their total insurance payout. Due to this, the training efficiency
is increased compared to the training of individual insurance
type of payout. Also, the Error rate is decreased as per the
Mean Squared Error compared to the prediction of each payout
individually. As a result, the proposed regression technique can
be very helpful in real-time applications to predict the payout of
multi-indices of selected blocks at the same time.
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