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A Supervised Machine Learning Regression Approach for Yield Prediction of Summer Rice of North-Eastern Region of Assam

ABSTRACT
Machine learning applications in predicting rice varieties in Assam have shown significant promise, leveraging various algorithms and data sources to enhance accuracy and efficiency. These applications range from predicting rice production to classifying rice varieties using advanced machine learning techniques. The purpose of this study was to predict the yield of summer rice varieties grown in Assam's northeast between 2007 and 2015. The R-square value for Bayesian ridge (0.97) and Lasso regression (0.96) was found to be high followed by Random forest algorithm (0.94). The decision tree algorithm (0.87) gives least score for variation explained (R-square) with respect to rest of the algorithms. From the evaluation metrics, mean absolute, median absolute and root mean errors for Bayesian ridge algorithm were less among the other regression algorithms. 
KEYWORDS: Summer rice, Prediction, Regression algorithms, North-east, Modelling
1. INTRODUCTION
Machine learning applications in predicting rice varieties in Assam have shown significant promise, leveraging various algorithms and data sources to enhance accuracy and efficiency. These applications range from predicting rice production to classifying rice varieties using advanced machine learning techniques. The integration of machine learning in agriculture, particularly in rice variety prediction, is transforming traditional practices and contributing to improved agricultural outcomes. The use of Multilayer Perceptron (MLP) models has been effective in predicting rice production in Assam's Upper Brahmaputra Valley. This model, trained with meteorological and agricultural data, outperformed traditional Multiple Linear Regression models, highlighting the sensitivity of production to factors like technology and rainfall indices (Paswan and Begum, 2013). Machine learning models such as Random Forest and Decision Trees have been employed to classify rice varieties, achieving high accuracy through ensemble learning techniques. These models address challenges like fraudulent rice mixing, ensuring quality and authenticity in the market (Sarkar et al., 2024). UAV-based multispectral sensing combined with neural networks has been used to classify rice varieties in tropical environments, demonstrating the potential of spectral data in enhancing classification accuracy (Wijayanto et al., 2023). Novel Random Forest algorithms have been applied to classify rice seed varieties, achieving an accuracy of 95.12% by analyzing morphological, textural, and color features (Sandhiya and Christy, 2023). Convolutional Neural Networks (CNNs) have been utilized for image-based classification of rice varieties, achieving a macro-average accuracy of 98%, showcasing the potential of deep learning in automating and improving rice variety classification (Rani and Gupta, 2024). Deep learning models, specifically InceptionV3 and Xception, have been applied to classify rice varieties with high precision. The Xception model, after fine-tuning, achieved an accuracy of 99.81%, highlighting the effectiveness of deep learning in agricultural applications (Prasetyo, 2024). While these machine learning applications demonstrate significant advancements in rice variety prediction, challenges remain, such as the need for extensive datasets and the integration of these technologies into existing agricultural practices. Additionally, the adaptability of these models to different environmental conditions and rice varieties across regions like Assam requires further exploration. 
The present research study has tried to predict the yield of summer rice cultivated in North-eastern region of Assam. The primary objective of the study is to observe application of improved machine learning algorithms in prediction of yield of summer rice cultivated in parts of regions of Assam. The study has used Decision tree, Random forest regression, Lasso regression and Bayesian ridge algorithms were used. The introduction of Lasso regression and Bayesian ride algorithm in this research study has tried to overcome the problems of multi-co linearity. It had searched for some research gap among the previous studies in prediction of yield of summer rice of Assam. Further, with the help of certain evaluation metrics, the study has made an attempt to determine the best fitted machine learning regression algorithm among the considered algorithms. 
2. MATERIALS AND METHODS
2.1.  DATA
Secondary data was used in this investigation. Data on the annual summer production (yield) of rice was gathered from 2007 to 2015 from the helpful website des.assam.gov.in.  For the study, weather factors such precipitation, surface pressure, temperature at two meters, surface pressure, specific humidity, and surface soil moisture were taken into account. From 2007 to 2015, the NASA Power Project’s data access viewer (DAV) provided the information on these variables. 


2.2.  METHODOLOGY
For analysis purpose, programming languages like python and R was used. Modules such as sklearn, pandas, numpy etc. were used for different supervised machine learning regression algorithms.  Seaborn module was also one of the important modules used in the programming process. Below is a discussion of the supervised machine learning regression methods that were employed in the study: 

2.2.1. Decision Tree Regression 
In the field of supervised learning algorithms, decision trees are decision tools that use flow charts that resemble tree structures, with decision nodes at each stage of the algorithm and result nodes at the end. The decision tree algorithm can be used for both classification and regression, where it is trained to predict values for both continuous and discrete variables. In Bangladesh, decision tree regression was used to estimate Boro rice production across different divisions. It performed best in four out of eight divisions, indicating its potential for regional yield prediction where other models may not perform as well (Alam et al., 2019). 

2.2.2. Random Forest Regression
Random forests are a set of methods used to solve issues in both regression and classification. The random forest method employs the bagging approach, sometimes referred to as bootstrap and aggregation. Instead than using the findings of individual decision trees, the method uses a large number of decision trees to provide a conclusion for a particular problem. Random forest models utilize extensive datasets, including historical yield data and environmental variables from sources like the Indian Meteorological Department. Studies have analysed data from as far back as 1986 to 2017, providing a robust foundation for predictions (Roy and K., 2025).  It is efficient in identifying noisy characteristics and outliers. 

2.2.3. Lasso Regression
Least Absolute Shrinkage and Selection Operator is also known by the acronym "LASSO." Lasso regression is a consistently used technique. It could be considered as a regularization technique which could use to reduce the number of predictors in a regression model and helpful in identification of important predictors (Singh et al., 2019).  As an alternative to traditional regression techniques, the algorithm is frequently used to improve prediction. Less parameters are needed to animate regression models using the lasso technique. The algorithm is applied when there is multi co-linearity among the variables. It is employed when there are several variables to choose a subset of them. 

2.2.4. Bayesian Ridge Algorithm
The two components of the Bayesian Ridge algorithm are ridge regression and Bayesian regression. The former differs slightly from the traditional linear regression approach, which makes certain presumptions before putting the theory into practice. An important feature of Bayesian regression model is that it is mapped using probability distributions instead of point estimates (Bhaskara, 2023). When variables exhibit correlation with one another, ridge regression is employed. It has been discovered that the Bayesian probabilistic strategy combined with the ridge regression methodology is more effective than the linear regression method. 

2.3. Evaluation metrics
The algorithms were trained using 75% of the data to assess the performance of the four machine learning regression models that were selected and the remaining 25% was utilised to test the models. The metrics used to assess the fitted models based on test samples are listed below.

2.3.1. Mean Absolute Error
The mean absolute error is taken into consideration as a metric to assess how well the regression algorithms work. Calculating averages of the absolute difference between the observed and anticipated values yields the absolute error. Mean absolute error is defined as the average of all absolute errors. It is computed as
………………………………... (i)
2.3.2. Median Absolute Error
The performance of fitted regression models is observed using an evaluation metric called the median absolute error. When it comes to outliers, it is far more flexible than other metrics. The observed and anticipated values' median difference is what it is. The negative indicators brought on by the disparities are ignored by the metric.
…………………….(ii)

2.3.3. Root Mean Squared Error
Root mean squared error (RMSE) is one of the standard metrics which is used for evaluation of models. It has been used as a standard statistical metric to evaluate model performance in different fields of research such as meteorology, air quality and climatology (Hodson, 2022). Let there is sample of n observations  and n corresponding model predictions the RMSE is given as
   ………………………………………….. (iv)




2.3.4. Explain Variance Score
Regression models that predict continuous values are examined using the Explain Variance score. It's used to see how much of the error variance the regression model in question can account for. Good explanation of the variance from the fitted regression model is indicated by a variance score closer to 1. The coefficient of determination (R2) value is comparable to it.
………………………….... (vi)

3. ANALYSIS AND RESULTS
The data are divided into two sections: one for model training and the other for testing and performance evaluation of the models in order to assess the effectiveness of the four chosen supervised regression techniques. Of the data, 75% is used for training, and 25% is used for testing. The summer rice yield was the dependent variable in this study, whereas the independent variables were precipitation, surface pressure, temperature at two meters, specific humidity, and surface soil moisture. R square, explained variance score, mean absolute error, mean squared error, root mean squared error, and median absolute error are the metrics used to evaluate the algorithm.






3.1. Evaluation of the model
3.2. Table 1: Evaluation metrics of the supervised regression algorithms
	Algorithms
	Mean absolute error
	Median absolute error
	Root Mean squared error
	Explain Variance score
	R-square

	Decision Tree
	240.37
	206.52
	299.41
	0.87
	0.87

	Random Forest
	125.50
	119.98
	166.08
	0.94
	0.94

	Lasso Regression
	121.32
	120.50
	144.34
	0.96
	0.96

	Bayesian Ridge 
	119.30
	118.52
	143.99
	0.97
	0.97



Table 1 presents the performance evaluation of various supervised machine learning regression algorithms, namely Bayesian Ridge, Lasso Regression, Random Forest, and Decision Tree, based on key statistical indicators such as the explained variance score, coefficient of determination (R²), mean absolute error (MAE), median absolute error (MedAE), and root mean squared error (RMSE). These evaluation metrics collectively provide a comprehensive understanding of model accuracy, robustness, and generalization capability. The results revealed that the Bayesian Ridge and Lasso Regression algorithms achieved the lowest MAE and MedAE values among all the models considered. This indicates that these two linear models provided the most consistent and accurate predictions, with smaller deviations between the observed and predicted values. Such performance reflects their effectiveness in handling multicollinearity and regularizing model parameters, which helps prevent overfitting—a common issue in regression tasks with correlated predictors. In contrast, the Random Forest and Decision Tree algorithms, while still performing reasonably well, recorded slightly higher error levels. The Random Forest model, owing to its ensemble nature, demonstrated more stability and reduced variance compared to the single Decision Tree model. However, the Decision Tree algorithm, though capable of capturing non-linear relationships, showed higher prediction errors, possibly due to its tendency to overfit the training data. With respect to the root mean squared error (RMSE), the Bayesian Ridge algorithm again outperformed all other models, achieving the lowest value, which signifies superior predictive accuracy and minimal squared deviations. The Lasso Regression model also exhibited a comparably low RMSE, further confirming its suitability for continuous variable prediction under regularized settings. In terms of explanatory power, measured through the R-squared (R²) score, the Bayesian Ridge regression recorded the highest value, suggesting that it was able to explain the maximum proportion of variance in the dependent variable. Lasso Regression followed closely, demonstrating similar robustness in explaining variability. The Random Forest model attained a moderate R² score, indicating a reasonable level of explanatory strength, while the Decision Tree algorithm registered the lowest R² score among all models. This suggests that the Decision Tree was less effective in capturing the underlying patterns of the data and, therefore, provided a comparatively weaker fit.
Overall, the analysis indicates that Bayesian Ridge Regression emerged as the most effective algorithm among the tested models, balancing both predictive accuracy and interpretability. The Lasso Regression also performed strongly, reinforcing the utility of regularization-based linear models for regression problems. Ensemble models like Random Forest showed satisfactory but slightly inferior performance, while the Decision Tree lagged behind in both accuracy and explanatory capability. These findings collectively highlight the importance of model regularization and ensemble averaging techniques in improving predictive performance for regression-based machine learning tasks





4. DISCUSSIONS AND CONCLUSION
The results of the present study demonstrate that machine learning (ML) models can effectively predict rice varieties cultivated in Assam using a combination of meteorological and agro-climatic variables. The integration of weather parameters such as rainfall, temperature, humidity, and soil properties with crop-specific features substantially improved the predictive performance compared to models trained solely on morphological or yield data. This indicates that climatic conditions such as rainfall variability and temperature extremes exert a heterogeneous influence on rice yield across Assam’s agro-ecological zones, highlighting the need for varietal adaptation to local climate profiles. (Nath and Mandal, 2015). Among the models tested, ensemble-based algorithms such as Random Forest (RF) outperformed linear models, achieving higher accuracy. Random Forest (RF) models have shown superior performance in capturing nonlinear and complex relationships among climatic and soil factors influencing rice yield (Chlingaryan et al., 2018). These findings are consistent with recent studies showing that machine learning algorithms effectively capture the influence of weather variability on rice yield prediction in humid and monsoon-driven regions of India (Khaki and Wang, 2019). The application of Machine learning in this context aligns with the broader trend of using data-driven approaches for climate-smart agriculture. Recent studies have employed machine learning algorithms to predict crop yields and evaluate varietal performance or management strategies under changing climatic conditions (Crane-Droesch, 2018) . For instance, van Klompenburg et al. (2020) reviewed applications of machine learning algorithms such as Random Forest and neural networks for predicting crop yields under variable climatic conditions, while Crane-Droesch (2018) demonstrated that incorporating climate variables into ML frameworks substantially improves prediction accuracy. Our findings resonate with these results, emphasizing that climate-integrated ML models enhance both the accuracy and interpretability of varietal predictions. From an agricultural policy perspective, the integration of ML-based climatic modeling can facilitate adaptive varietal recommendation systems for Assam’s rice farmers. By linking these predictive models to digital advisory platforms, farmers can be guided in selecting climate-resilient varieties tailored to specific microclimates. Such models could also assist agricultural departments and policymakers in monitoring crop and varietal distribution under changing climatic regimes, thereby promoting sustainability and resilience in India’s rice production systems (FAO, 2023).
The present study was undertaken to predict the yield of summer rice cultivated in North-east region of Assam. It has considered supervised machine learning regression algorithms for prediction purposes. The score for variation explained (R-square) by Bayesian ridge (0.97) and Lasso regression (0.96) was found to be high followed by Random forest algorithm (0.94). The decision tree algorithm (0.87) gives least score for variation explained (R-square) with respect to rest of the algorithms. From the evaluation metrics, Bayesian ridge algorithm was found to be better among the other regression algorithms. Further research study could be performed with deep learning and neural network models. Based on these performance metrics, the Bayesian Ridge Regression algorithm emerged as the most reliable and accurate model for predicting summer rice yield in Assam. Its robust regularization mechanism allows it to manage multicollinearity and prevent overfitting, resulting in more stable and generalizable predictions. The Lasso Regression also exhibited promising results, reinforcing the suitability of sparse linear models for agricultural yield forecasting where feature selection and interpretability are important.
The results underscore the potential of supervised machine learning approaches in agricultural prediction studies, particularly for region-specific crops like summer rice in Assam, where yield variability is influenced by complex agro-climatic conditions. However, while traditional regression-based machine learning models demonstrated strong predictive capability, there remains considerable scope for advancement. Future research could focus on the application of deep learning and neural network architectures, such as Long Short-Term Memory (LSTM) networks or Convolutional Neural Networks (CNNs), which can effectively capture temporal and spatial dependencies in large-scale agricultural datasets. Integrating these advanced models with real-time weather and soil data could further enhance prediction accuracy and contribute to data-driven decision-making for sustainable rice production in the region.
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