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Abstract—Sugar is a widely consumed commodity all over the world. India produced 33 million 
metric tons of sugar in 2018-2019, making it the world's largest sugar producer. Sugar 
production is affected by a variety of factors, including the region under sugar cane, sugar cane 
production, cane yield per hectare, the number of sugar factories in operation, and the total 
amount of sugar cane crushed. The current paper, titled "Prediction of Sugar Production Using 
Multivariate Linear Regression," focuses on sugar production forecasting. Forecasting allows 
you to keep track of your market by foreseeing challenges and opportunities. Forecasting 
accuracy is just as important for a company as it is for a person. To render the model using 
multivariate linear regression for predicting total sugar production, time-series data of sugar 
production from 1931 to 2018 was used. Cooperative Sugar, Vol. 51, No. 6, February 2020, is 
the source of the knowledge.  The model was trained with 80% of the data and tested with 20% 
of the data. The association between different parameters is determined using a heatmap. For 
predicting total sugar output, a multivariate linear regression model is the best fit.  
 
Index Terms— Multivariate Linear Regression, Heat map, Sugar, Sugar Cane. 

I. INTRODUCTION 

Sugar is one of the world's most important commodities, both in terms of production and consumption. 
Approximately 110 countries currently generate sugar from either cane or beet, with 8 countries producing sugar 
from both sources. Sugar cane accounts for approximately 80% of global sugar production, while sugar beet 
accounts for the remaining 20%. Indian sugar production increased as a result of a well-organized and well-
planned sugar program [1-3]. Production, production requirements, capability requirements, and cane production 
have all been designed and closely monitored by planners. Furthermore, in order to achieve the objectives, set. 
From time to time, the government has formed committees and task forces to make policy changes in 
collaboration with industry, state agriculture departments, and others. 
Sugar output prediction for agro-industry, or even small-scale farmers, is critical as a technique for determining 
the size of plantings and reducing the risks associated with this agricultural activity. Sugarcane sugar recovery is 
affected by water content, sucrose, and invert sugar (Sucipto et al., 2018). Total sugar production is one of the 
most important factors in sugar recovery, but it is dependent on a number of factors, including sugar cane 
location,  sugar  cane production, cane yield per hectare, the number of factories in operation, total cane crushed,  
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and so on. The aim of this study was to use multivariable linear regression to predict total sugar production [4-6]. 
Regression is a statistical technique for estimating relationships between variables that have a cause and effect 
relationship (Gulden et al., 2013). Multi-linear regression is a regression model with one dependent variable and 
multiple independent variables. Total sugar production is used as a dependent variable in this analysis, while 
other parameters are used as independent variables. The aim of this study was to create a multi-regression model 
that included sugarcane variables that could aid in the prediction of total sugar production [7-8]. 

II. RELATED WORKS 

Various researchers are employing various machine learning algorithms to forecast sugarcane yield, sugar 
quality, and sugar quality based on various parameters. 
Sucipto et al. (2018) used an artificial neural network (ANN) prediction model to predict the moisture content, 
sucrose, and invert sugar of sugarcane (Saccharum officinarum L.). The authors have noted that the sucrose level 
is inversely proportional to the amount of water and invert sugar present. The sucrose level is low when the 
water content and invert sugar are both high [9]. 
Xiao, Zeqing, et al. (2016), During the crushing season (December – March) in the Chinese province of 
Guangxi, the author examines the complex laws of five consistency indices (brix, purity, polarization, sucrose 
quality, and sugar reduction), as well as graphs over time. The findings demonstrate that the harvest is on 
schedule. Sugar cane has a number of advantages in terms of sugar production.  The regression analysis results 
show that some of the quality indexes have a good correlation, and the regression models are extremely 
significant, implying that the prediction results are ideal [10]. 
S. Sucipto et al (2018), The possible use of bioelectrical properties as a non-destructive sugarcane sugar recovery 
technique was discovered in this research. The bioelectric properties of sugar cane in the lateral and longitudinal 
positions of the samples were calculated using a parallel plate capacitor.  The sugar recovery as a function of 
bioelectrical properties has been predicted using an artificial neural network (ANN) [11]. 
Sankar Vani et al. are a group of people who work in the field of spirituality (2015) The author created an 
artificial neural network (ANN) model to predict sugar yields for various biomass loadings and substrate sizes 
while keeping other hydrolysis parameters constant. Yvette Everingham et al., (2016), Random data accuracy 
review Forests to explain annual sugar cane productivity changes and the suitability of the crop's predictor 
variables. Models in combination with observed and seasonal climate data Indexes of prediction are limited [12]. 
Gabriele Torino Pedroso et al. (2016) set out to develop a multiple regression model that targets sugarcane traits 
and could aid in the prediction of alcohol production. The multiple regression model used was one in which Pol 
and Fiber production traits were used as predictors of alcohol production [13]. 
Shen Yin et al. (2013) used multivariate statistical approaches to create Output prediction models. The models of 
the relationship between grape physicochemical indexes and wine quality are developed using multivariate 
statistical methods [14]. 
Katarzyna Wodarska et al. (2019) employs multivariate approaches to analyze the physicochemical and sensory 
profiles of apple juices and uses instrumental measurements to predict critical sensory properties.  Color, 
turbidity, total soluble solids, sucrose, D-glucose, D-fructose content, pH, total acidity, total phenolic, total 
flavonoid content, and antioxidant potential are the physicochemical parameters [15]. 
Sanjay Sharma et al. are a group of researchers who have come up with a novel way to (2015) To predict rice 
output and consumption, the author establishes correlations between production input variables and consumption 
input variables. In order to forecast rice production and use, correlation analysis is used to construct the fuzzy 
inference method rule base [16]. 
Nasir, M.L. et al. (2000) interconnected neural networks, the researcher discovers a non-trivial novel approach to 
implementing artificial neural networks to predict corporate bankruptcy [17]. 
Repson Gama et al. discovered that ANN can accurately model and forecast non-linear data such as apple 
pomace hydrolysis and can be used to determine optimal hydrolysis conditions, as well as indicating that other 
hydrolysis conditions can be effectively modeled using an ANN [18].  

III. PROPOSED MODEL 

The proposed model's main objective is to estimate total sugar production. There are four sections to the 
proposed model. The proposed model [19-23] is represented in Fig. 1 as a flow diagram. 

a) Data Collection 
b) Data Preparation 
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c) Features Selection 
d) Applying multi variant regression model 

 
Fig. 1 

IV. DATA COLLECTION  

The data (SUGARCANE, SUGAR AND MOLASSES PRODUCTION AT A GLANCE) used for analysis 
consists of sixty records and each record contains twelve attributes collected from” ICAR –SUGARCANE 
BREEDING INSTITUTE, COIMBATORE “. Attributes of dataset and their description are given in Table I: 

TABLE: I 

 

V. DATA PREPARATION 

Some columns of data were missing in the dataset. Missing data filled by median value of the missing data 
column. fillna() method of pandas  used for fill the missing data. comma separator removed from the entire 
dataset [24]. 

A. Features Selection 
Aim of study is to predict the total sugar production.  On observation of data shows that attribute Year, Recovery 
of sugar, Molasses production and Molasses (% cane) not contribute in production of sugar.  Molasses is by-
products of the sugar industry [25-26]. Heatmap is used for finding the co relation among the different attributes. 
The heatmap is a two-dimensional graphical representation of data where the individual values found in the 
matrix are displayed as colors. Fig 2 shows correlation among the attributes of data. 
In this study backward elimination technique has used for features selection. In this technique firstly select the 
significant level (0.05) and fit the model with all the features. If highest P value feature has greater than the 
significant level, then remove the feature and model has ready otherwise repeat the process with remaining 
features [27]. Table 2 shows that list of significant features PRCANE, AVCAPTONPD and TCANECRU for 
prediction of total sugar production. 
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Fig: 2 

TABLE: II 

 

VI. APPLYING MULTI VARIANT REGRESSION MODEL 

Regression analysis is one of the most studied techniques used in the analysis of data. It follows a supervised 
machine learning algorithm. Regression analysis is an important statistical method which helps us to analyze the 
relationship between two or more variables in the dataset. In Multivariate regression output is predicted based on 
the number of independent variables with one dependent variable [28]. The multivariate regression model 
formulates as estimate TSUGPRO as a function of 'TCANECRU',’ AVCAPTONPD’,’ PRCANE’ 
TSUGPRO = F ('TCANECRU',’ AVCAPTONPD’,’ PRCANE’) 
The linear form of the model is: 
TSUGPRO = β1* TCANECRU +   β2* AVCAPTONPD + β3* PRCANE + Intercept 
Table III shows the value of   Coefficient/ Intercept at MinMaxScaler. 

TABLE: III 

 

VII. RESULT 

Aim of study is to build a model that predict the Total sugar production based on different parameter such as 
SUGARAR, PRCANE, YCPHT, NOFACOP, AVCAPTONPD and TCANECRU. But after feature selection 
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step only three independent variable left these are 'TCANECRU',’ AVCAPTONPD ’and ‘PRCANE’. These 
three independent variable having linear relationship with dependent variable TSUGPRO. In this study, the data 
set was divided into two sections Eighty percent for training and 20 percent for testing. Fig 3, Fig 4 and Fig 5 
show the linear relationship between total sugar production and significant variables [29-31]. 

 

        Fig: 3                                                                                                   Fig: 4 

 

Fig: 5 

VIII. CONCLUSION 

A model for predicting total sugar production based on various variables is proposed in this study. Data was 
obtained from the "ICAR –SUGARCANE BREEDING INSTITUTE, COIMBATORE" for research. The 
backward exclusion approach was used to select significant features from the dataset for the model [32]. The 
multivariate linear regression technique was used to test selected features. Here, 80% of the data was used to 
train the model and 20% was used to test it. MinMaxScaler transforms features by scaling them from zero to one 
in this paper. For predicting total sugar production, a multivariate linear regression model was used after scaling. 
This model provided the best fit for the forecast, with a model accuracy of 97.23%[33]. 
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