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ABSTRACT

In this study, the statistical models for forecasting 
rice yield using principal component analysis of 
weather variables were developed. Time series data 
on rice yield along with weekly meteorological vari-
ables, namely maximum temperature (°C), minimum 
temperature (°C), relative humidity (%), rainfall 
(mm), wind velocity (km h⁻¹), evaporation (mm) 
and sunshine hours (hours). for the period 1986–87 
to 2022–23 in Varanasi in district of Eastern Uttar 
Pradesh were used. Four forecasting models were 
developed using principal component analysis (PCA) 
as regressors along with time trend (T) and yield as 
dependent variable. The performance of the models 
was evaluated using coefficient of determination (R²), 
adjusted R² and root mean square error (RMSE). 
The results indicated that Model-2 performed better 
among all the models with the lowest RMSE and 
satisfactory explanatory power. The study shows that 

PCA-based regression models are useful for rice yield 
forecasting and can be effectively applied for similar 
studies in other regions.
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INTRODUCTION

Rice (Oryza sativa L.) is one of the most important 
cereal crops and serves as a staple food for a large 
proportion of the world’s population. It is mainly 
grown in tropical and subtropical regions under warm 
and humid climatic conditions, requiring adequate 
rainfall and temperature for optimum growth. Rice 
cultivation is generally suitable for clayey and loamy 
soils with good water holding capacity, as the crop 
thrives well under flooded conditions. The growth 
and yield of rice are highly influenced by weather 
parameters such as temperature, rainfall, humidity and 
sunshine, making weather-based analysis essential 
for accurate yield prediction. Principal Component 
Analysis (PCA) is an important multivariate statistical 
technique widely used for dimensionality reduction 
and extraction of significant information from large 
datasets. It transforms correlated variables into a 
smaller number of uncorrelated principal components 
without much loss of information (Rao 1964, Manly 
2000). PCA also helps in reducing multicollinearity 
and improving model stability.Several studies have 
contributed to the development and application of 
PCA in different fields. Jolliffe (1972, 1973) proposed 
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methods for variable selection using principal compo-
nents, while McCabe (1984) introduced the concept 
of principal variables for selecting optimal subsets 
of variables. Richman (1986) further explained the 
theoretical aspects of PCA and compared rotated 
and unrotated components. In agricultural research, 
PCA has been widely used for crop yield forecasting 
and identification of important variables. Jain et al. 
(1984) utilized principal components of biometrical 
characters for yield forecasting. Verma et al. (2015) 
applied PCA for pre-harvest estimation of cotton 
yield, demonstrating its usefulness in early predic-
tion. Sharma and Devi (2023) developed wheat yield 
models using PCA and reported better performance 
compared to conventional regression models in 
terms of lower percentage deviation. Further studies 
have highlighted the efficiency of PCA in reducing 
redundancy and improving prediction accuracy. Das 
et al. (2017) showed that PCA effectively identifies 
patterns and removes redundancy in agricultural 
datasets. Muema et al. (2018) used PCA to evaluate 
irrigation systems in rice cultivation, indicating its 
applicability in agricultural decision-making. Kumar 
et al. (2019) demonstrated that principal component 
regression provides better yield prediction with 
higher R² and lower error compared to traditional 
regression techniques. Recent advancements have 
also incorporated PCA in combination with modern 
statistical and machine learning approaches. Abbas 
et al. (2021) applied PCA along with regression 
techniques to identify key factors affecting wheat 
yield, while Jiang et al. (2022) used PCA to improve 
prediction models by reducing the dimensionality of 
meteorological data. Similarly, Pham et al. (2022) 
integrated PCA with machine learning techniques to 
enhance agricultural yield prediction accuracy. Yadav 
et al. (2014) applied Principal Component Analysis 
(PCA) to weather variables for developing crop yield 
forecasting models. The study showed that PCA 
effectively reduced multicollinearity and improved 
prediction accuracy, making it a useful approach for 
weather-based yield forecasting.

MATERIAL S AND METHOD 

Sources and description of data

Time series data on rice yield for Varanasi districts 
of Eastern Plain Zone (EPZ), Uttar Pradesh, for the 

period 1986-87 to 2022-23 were obtained from the 
Economics and Statistics Division, Planning Depart-
ment, Government of Uttar Pradesh (UPDES 2023).
Weekly time series data on meteorological variables 
for the same period (1986-2023) were collected from 
India Meteorological Department (IMD), Pune. The 
data covered the rice crop season from 24th to 42nd 
standard meteorological weeks (SMW), correspond-
ing to the period from 11 June to 21 October. Seven 
weather variables were considered, namely maximum 
temperature (°C), minimum temperature (°C), relative 
humidity (%), rainfall (mm), wind velocity (km h⁻¹), 
evaporation (mm) and sunshine hours (hours).

Development of weather indices using correlation 
coefficient as weighted

Weather indices were developed following the proce-
dure suggested by Agrawal et al. (1983) using weekly 
meteorological data of the crop growing period. In 
this study, weekly data corresponding to 24th to 42nd 

standard meteorological weeks (SMW) were used.

Seven weather variables, namely maximum 
temperature, minimum temperature, relative humid-
ity, rainfall, wind velocity, evaporation and sunshine 
hours were considered for constructing the indices.
The weather indices were generated in two forms: 
unweighted (individual) indices and weighted indices. 
The unweighted indices were obtained by taking sim-
ple averages of the weekly weather variables, while 
the weighted indices were computed using correlation 
coefficients between crop yield and the corresponding 
weekly weather variables as weights.

In addition to individual indices, interaction 
indices between pairs of weather variables were also 
developed. In total, 56 indices were obtained, com-
prising 7 unweighted individual indices, 7 weighted 
individual indices, 21 unweighted interaction indices 
and 21 weighted interaction indices.
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Where Zij  is unweighted (for j = 0) and weighted (for  
j=1) weather indices for weather variable and Zii

,
j  is 

the unweighted  (for j = 0) and weighted (for j = 1) 
weather indices for interaction between ith  and i’th 
weather variables. Xiw  is the value of the ith  weather 
variable in wth week, riw / riiw is correlation coefficient 
of yield adjusted for trend effect with ith weather 
variable/product of ith and i,th  weather variable in 
wth   week, n  is the number of weeks considered in 
developing the indices and p  is number of weather 
variables.

Model-1

Model-1 was developed using all weather indices, 
consisting of 14 individual indices (7 unweighted and 
7 weighted) and 42 interaction indices (21 unweight-
ed and 21 weighted). These indices were subjected 
to Principal Component Analysis (PCA) to reduce 
dimensionality.

The principal components were arranged based 
on their eigenvalues, and components having eigen-
values greater than one were retained. A total of 9 
principal components were selected, which together 
explained 97.70% of the total variation in the data. 
These selected principal components were used as 
regressors along with time trend (T) for developing 
the forecasting model.

Model-

Y= β₀ + β₁PC₁ + β₂PC₂ + β₃PC₃ + β₄PC₄ + β₅PC₅ + 
β₆PC₆ + β₇PC₇ + β₈PC₈ + β₉PC₉ + β₁₀T + e

where,
Y = un-trended rice yield
β₀, β₁, β₂ … β₁₀ are regression parameters
PC₁ to PC₉ are the first nine principal components
T = time trend variable
e = random error term assumed to follow normal 
distribution with mean 0 and variance σ²

Model-2 

Model-2 was developed using 14 individual weather 
indices (7 unweighted and 7 weighted). Principal 
Component Analysis (PCA) was applied to these 
indices to reduce dimensionality.

Based on the eigenvalue greater than one crite-
rion, the first 5 principal components were retained. 
These components together explained 84.22% of 
the total variation in the data. The selected principal 
components were used as regressors along with time 
trend (T) in the forecasting model.

Y = β₀ + β₁PC₁ + β₂PC₂ + β₃PC₃ + β₄PC₄ + β₅PC₅ + 
β₆T + e

where,

Y = un-trended rice yield
β₀, β₁, β₂ … β₆ are regression parameters
PC₁ to PC₅ are the first five principal components
T = time trend variable
e = random error term assumed to follow normal 
distribution with mean 0 and variance σ²

Model-3 

Model-3 was developed using 28 unweighted weather 
indices, consisting of 7 unweighted individual indices 
and 21 unweighted interaction indices. These indices 
were subjected to Principal Component Analysis 
(PCA) to reduce dimensionality.

Based on the eigenvalue greater than one crite-
rion, the first 5 principal components were retained. 
These components together explained 84.22% of 
the total variation in the data. The selected principal 
components were used as regressors along with time 
trend (T) for developing the forecasting model.

Y = β₀ + β₁PC₁ + β₂PC₂ + β₃PC₃ + β₄PC₄ + β₅PC₅ + 
β₆T + e.  

where,
Y = un-trended rice yield
β₀, β₁, β₂ … β₆ are regression parameters
PC₁ to PC₅ are the first five principal components
T = time trend variable
e = random error term assumed to follow normal 
distribution with mean 0 and variance σ²

Model-4 

Model-4 was developed using 28 weighted weather 
indices, consisting of 7 weighted individual indices 
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and 21 weighted interaction indices. These indices 
were subjected to Principal Component Analysis 
(PCA) to reduce dimensionality.

Based on the eigenvalue greater than one crite-
rion, the first 6 principal components were retained. 
These components together explained 95.63% of 
the total variation in the data. The selected principal 
components were used as regressors along with time 
trend (T) for developing the forecasting model.

Y = β₀ + β₁PC₁ + β₂PC₂ + β₃PC₃ + β₄PC₄ + β₅PC₅ + 
β₆PC₆ + β₇T + e

where,

Y = un-trended rice yield
β₀, β₁, β₂ … β₇ are regression parameters
PC₁ to PC₆ are the first six principal components
T = time trend variable
e = random error term assumed to follow normal 
distribution with mean 0 and variance σ

RESULTS AND DISCUSSION

The forecast regression models developed using prin-
cipal components are presented in Table 1 along with 
their values of R² and adjusted R². In all the models, 
the second principal component (PC2) showed a 
significant effect on rice yield. In Model-3, the time 
trend (T) was also found to be significant. The value 
of adjusted R² was found to be maximum in Model-4 
(46.46%) followed by Model-1 (45.91%), while 
Model-2 (43.31%) and Model-3 (29.48%) showed 
relatively lower explanatory power.

Using these models, the forecast values of rice 
yield for the validation years were obtained and are 
presented in Table 2. The predicted values were found 
to be close to the observed yields, and the percentage 
deviation from the actual yield is given in brackets. 
The RMSE values for Model-1, Model-2, Model-3 
and Model-4 were 2.89, 2.22, 2.39 and 3.24, respec-
tively. Among all the models, Model-2 showed the 
lowest RMSE value, indicating better prediction accu-
racy compared to the other models. The performance 
of the developed models in terms of R² and RMSE is 
also illustrated in Fig. 1 and Fig. 2. 

Fig. 1. Comparison of developed models in terms of R2.

Fig. 2. Comparison of developed models in terms of RMSE.

Table 1. Rice yield forecast models based on principal components.

Model Forecast regression equation R² (%)Adj. R² (%)

Model-1 Yield = 20.21 − 0.228PC1 − 
2.505**PC2 + 0.457PC3 + 

0.044PC4 − 1.043PC5 + 0.103T

55.75 45.91

Model-2 Yield = 19.43 − 0.733PC1 
− 2.407**PC2 − 0.567PC3 − 

0.708PC4 + 0.080PC5 + 0.146T

53.61 43.31

Model-3 Yield = 18.84 − 0.911PC1 − 
1.869**PC2 + 0.885PC3 + 

0.020PC4 + 0.510PC5 + 0.174*T

42.30 29.48

Model-4 Yield = 20.55 − 0.873PC1 − 
2.580**PC2 − 0.155PC3 + 

0.181PC4 − 0.429PC5 + 0.083T

56.19 46.46

Note: *P < 0.05, **P < 0.01
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Table 2. Actual and forecasted rice yield (Q/ha).

      Year                    Actual yield                     Model-1                     Model-2                        Model-3                     Model-4

    Year-1	 26.29	 27.37 (-4.10)	 26.78 (-1.87)	 25.92 (1.40)	 26.26 (0.11)
    Year-2	 27.41	 25.98 (5.22)	 26.83 (2.11)	 26.50 (3.31)	 25.61 (6.57)
   Year-3	 28.23	 25.80 (8.61)	 27.00 (4.34)	 26.94 (4.56)	 25.57 (9.42)
    Year-4	 30.78	 25.86 (15.98)	 26.58 (13.64)	 26.28 (14.63)	 25.15 (18.29)
    RMSE		  2.89	 2.22	 2.39	 3.24

Note: Figures in parentheses indicate percentage deviation of forecast from actual yield. 
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