



Crop Yield Prediction Using Different Techniques of Machine Learning for Prayagraj Region



ABSTRACT

Reliable crop yield prediction is becoming increasingly critical as climate patterns shift, and successful agricultural planning depends heavily on our ability to accurately forecast production. This study introduces a data-driven framework designed to untangle the complex relationship between local weather patterns and crop performance in the Prayagraj region. We focused on five key crops—Maize, Wheat, Rice, Mustard & Rapeseed, and Potato—to determine how well modern computational tools can reduce the uncertainty found in traditional assessments. We compared several methodologies to address both linear and non-linear data dependencies, ranging from regression techniques (LASSO, Elastic Net, Ridge, Stepwise MLR) to ensemble and neural network models (Random Forest, ANN). Quantitative evaluation revealed that models trained on weighted weather data generally exhibited superior stability. specifically, Artificial Neural Networks (ANN) achieved the highest predictive accuracy for Potato (nRMSE = 0.13) and Wheat (nRMSE = 0.19). For Maize, regularized regression models (Elastic Net, LASSO, Ridge) proved most effective (nRMSE = 0.14), while Random Forest (RF) demonstrated robust generalization for Mustard & Rapeseed (nRMSE = 0.18) and Rice (nRMSE = 0.20).
.
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INTRODUCTION

India’s agricultural sector has transformed significantly since the Green Revolution, contributing to food security and rural development (Government of India, 2022). Covering 54.8% of the total land area, agriculture plays a central role in the economy, with cropping intensity reaching 155.4% and gross irrigated area covering 54.9% of the cropped land (Department of Agriculture & Farmers Welfare, 2024). With 42.3% of the population reliant on agriculture and the sector contributing 18.2% to GDP in 2023-24, its importance remains vital (Government of India, 2024).
India's tropical monsoon climate, coupled with increasing climate variability, threatens agricultural productivity through extreme weather events and changing seasonal patterns (Government of India, 2022). These impacts, intensified by population growth and resource depletion, pose major sustainability challenges (Angom et al., 2021).
Climate change directly affects crop yields—rice is vulnerable to rising temperatures and rainfall variability (Guntukula et al., 2020; Mohanty et al., 2022), while wheat is impacted by seasonal temperature increases and precipitation changes, affecting nearly all of its harvested area (Madhukar et al., 2022; Madhukar et al., 2020). Maize yields are projected to decline across regions, particularly during the monsoon and winter seasons, due to temperature increases (Byjesh et al., 2010; Guntukula et al., 2020). Potato production is at risk from heat stress, drought, and erratic rainfall, with projected yield losses of up to 13.72% by 2050 (Jatav et al., 2017; Kumar et al., 2024). Mustard yields are similarly sensitive to climate fluctuations during critical growth stages (Kumar et al., 2024; Mishra et al., 2023).
Understanding the link between climate and yields is vital for effective planning. Accurate yield prediction aids policymakers, market regulators, and farmers by improving decision-making and risk management (Setiya et al., 2024). Machine learning models, particularly regression and neural networks, offer improved accuracy over traditional methods by analyzing complex climatic and agronomic data (Khan et al., 2023).
This study evaluates different models—MLR, SMLR, Random Forest, ANN, LASSO, ELNET, and Ridge Regression—to identify the most effective method for yield prediction and support informed agricultural management. By integrating traditional knowledge with modern technology, India can build resilience in its agricultural systems and secure food production amidst climate challenges. (Satpathi et al., 2023)
The present study is undertaken with the following objectives: 1. To develop crop yield prediction models using various machine learning techniques. 2. To perform a comparative evaluation of machine learning models to identify the most effective method for yield prediction. By conducting a comparative analysis, this study aims to identify the most accurate and reliable predictive model for crop yield prediction. The findings will contribute to improved prediction capabilities for the Prayagraj region.

MATERIAL AND METHOD
Study area 
	Prayagraj is situated in the southern region of Uttar Pradesh, India, at coordinates 25.45°N latitude and 81.84°E longitude. It lies at the confluence of the Ganges and Yamuna rivers.

Data collection
	The crop yield data for paddy, wheat, maize, potato, and (mustard & rapeseed) crops in Prayagraj from 1997 to 2022, including annual production and area under cultivation, were sourced from the Directorate of Economics and Statistics, Department of Agriculture and Farmers Welfare. Weather data, including daily maximum and minimum temperatures, relative humidity, and rainfall for the period 1997 to 2022, were obtained from NASA Power (https://power.larc.nasa.gov/data-access-viewer/). Weekly averages of these weather parameters during the crop growth period were calculated using standard meteorological week data for analysis.

Methodology
Weather indices, both unweighted and weighted, were developed for each weather variable. Unweighted indices were obtained by summing the individual weather parameters or their interactions, while weighted indices were calculated by multiplying the weather variables by their correlation with crop yields for rice, wheat, maize, mustard, and potato. The unweighted indices represent the total exposure to weather parameters during the crop growth period, whereas the weighted indices highlight the relative importance of these parameters across different weeks. This weather index-based model has proven effective in prediction crop yields in Prayagraj, Uttar Pradesh. The formulas for calculating both indices are outlined below.

Table 1: Unweighted And Weighted Weather Indices for the Development of Multivariate Models
	Mean weekly weather variable
	Unweighted Weather Indices
	Weighted Weather Indices

	Tmax 
	Z10
	Z11

	Tmin 
	Z20
	Z21

	Rainfall (RF)
	Z30
	Z31

	Relative Humidity 
	Z40
	Z41

	Tmax*Tmin
	Z120
	Z121

	Tmax*Rainfall
	Z130
	Z131

	Tmax*Relative Humidity 
	Z140
	Z141

	Tmin*Rainfall
	Z230
	Z231

	Tmin*Relative Humidity 
	Z240
	Z241

	Rainfall*Relative Humidity 
	Z340
	Z341


Tmax = Maximum Temperature (°C), Tmin = Minimum Temperature (°C), RF = Rainfall (mm), Relative Humidity = Relative humidity, Unweighted weather indices = simple total of values of weekly weather variables in different weeks, Weighted weather indices = Weighted total of mean weekly values, where correlation coefficients have been used to compute weights.

Unweighted Weather indices:
  ………. (1)

  ………. (2)

Weighted weather indices:
  ………. (3)

 ………. (4)
Where:
·   value of  weather variable under study in  week,
·  correlation coefficient of yield with  weather variable/ product of  and  weather   variables in  week.
·  week of forecast.
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Development of the Yield Prediction Model
A crop yield prediction model was developed for five major crops—Maize, Wheat, Rice, Mustard & Rapeseed, and Potato—using advanced machine learning techniques. The models employed include Multiple Linear Regression (MLR), Stepwise MLR (SMLR), Least Absolute Shrinkage and Selection Operator (LASSO), Elastic Net (ELNET), Ridge Regression, Random Forest (RF), and Artificial Neural Networks (ANN). This study utilized 26 years of data (1997–2022) on crop yields and associated weather variables. To ensure robust evaluation, the dataset was divided into training (70%) and testing (30%) subsets. Variables were standardized using Min-Max normalization (0–1 scaling) to improve model performance and stability. Both weighted and unweighted datasets were analyzed to assess the models under varying data structures. Regression analyses enabled the models to capture both linear and non-linear relationships between weather parameters (independent variables) and crop yield (dependent variable). To enhance generalizability and prevent overfitting, 3-fold cross-validation was employed, along with multiple iterations and hyperparameter tuning. 

Multiple Linear Regression (MLR):
Linear regression is a statistical technique employed to predict the value of a dependent variable, Y, based on one or more independent variables, X, under the assumption of a linear relationship between them. This relationship can be graphically depicted as a straight line. When the analysis involves several independent variables, it is classified as multiple linear regression. The function relationship can be represented as, (Ashfaq et al., 2021, Ajith, S et al., 2023.)
………. (5)

Where, Y is the response variable,  is explanatory variable, A is intercept,  is regression coefficient corresponds to variable  and   is error term or unexplained part of the model.

Stepwise Multiple Linear Regression (SMLR):
SMLR extends the conventional Multiple Linear Regression framework by allowing for the automatic selection of significant predictor variables based on stringent statistical criteria. This method employs forward selection, backward elimination, or bidirectional approaches to refine the regression model. The elimination of unnecessary variables leads to greater efficiency and interpretability. However, it is crucial to recognize that SMLR can be sensitive to changes in the data and may encounter challenges related to multicollinearity. (Liu, B et al., 2021)

The Least Absolute Shrinkage and Selection Operator (LASSO):
LASSO is an improved version of the Least Squares Method that excels in situations where the number of features is much smaller than the number of observations. It generates solutions by estimating sparse coefficients and employs the L1 norm, defined as the absolute value of the coefficients' magnitudes. This technique enables both feature selection and shrinkage by driving the coefficients of some features to zero. (Ashfaq et al., 2021, Satpathi et al., 2023). The objective function that is minimized by the LASSO algorithm is expressed as: 
………. (6)

Where, β is the regression coefficient associated with the input parameters of the LASSO model; x and 𝑦 are the input and output, respectively, n is the number of samples in the training dataset, and the hyper-parameter λ is the penalty parameter.

Ridge Regression (RIDGE):
Ridge Regression is a type of linear regression that utilizes regularization techniques, showing optimal performance in scenarios where the number of features is fewer than the number of observations. It is categorized as an L2 regularization method, which introduces a penalty proportional to the square of the coefficients' magnitudes. This method does not permit the complete nullification of coefficients, meaning it either retains all coefficients or discards them entirely. The L2 regularization approach is used in ridge regression. (Ashfaq et al., 2021, Satpathi et al., 2023).  The loss in ridge regression is defined as: 

………. (7)

where x and 𝑦 are the input and output vector, respectively, n is the number of samples in the training dataset, β is the regression coefficient, and λ is the penalty parameter. 

Elastic Net (ELNET):
Elastic Net is a composite regression model that combines aspects of both Ridge and LASSO Regression methodologies. It is particularly suited for larger datasets. The model incorporates multicollinearity and regularization values in its optimization function, which may contribute to overfitting while also bolstering the model's predictive strength. Through the application of linear penalties using both L1 and L2 norms, Elastic Net effectively diminishes some coefficients and eliminates others entirely. (Ashfaq et al., 2021, Satpathi et al., 2023). The elastic net estimator minimizes 

………. (8)

where x and 𝑦 are the input and output, respectively, n is the number of samples in the training dataset, β is the regression coefficient, λ is the penalty parameter, and α is the mixing parameter between ridge (α = 0) and LASSO (α = 1). 

Random Forest (RF):
RF is an advanced supervised machine learning technique that functions by creating numerous decision trees and combining their predictions to improve accuracy and reduce the risk of overfitting. This method utilizes bagging (bootstrap aggregation), where each tree is developed using a randomly selected subset of the dataset, along with feature randomness to promote diversity among the trees. RF excels in managing large and intricate datasets, particularly those with missing or noisy data, making it a reliable option for both classification and regression applications. Its scalability, interpretability, and strong generalization abilities contribute to its status as one of the most prevalent ensemble learning methods. (Zhu, et al., 2020)

Artificial Neural Networks (ANN):
An artificial neural network (ANN) functions similarly to the human brain. In this system, the interconnected neurons in each layer operate like the brain's neurons, which are responsible for the continuous flow of information. The ANN learns to identify patterns within a dataset through repeated training cycles, allowing it to recognize non-linear relationships between predictor variables and the outcome variable. A typical ANN consists of an input layer, one or more hidden layers, and an output layer. The hidden layer, located between the input and output layers, performs non-linear transformations on the input data. The number of neurons in the input layer corresponds to the number of independent input features, while the output layer contains a single neuron that represents the dependent variable. The optimal learning rates and the number of training epochs are determined through a trial-and-error process to achieve the best performance. (Krithika, et al., 2022, Wang, et al., 2003).  

………. (9)

Here,  is the activation function, N is the number of input neurons,  is the weight,  is the input to the neurons, and  is the threshold term of the hidden neurons.

Statistical Analysis and Model Evaluation.
Different statistical evaluation methods have been calculated to compare and find out the best model for the crops using the Coefficient of Determination (R²), Root Mean Square Error (RMSE), and Normalized Root Mean Square Error (nRMSE), Mean Absolute Error (MAE) employing the following formula.

R-squared (Coefficient of determination) is a measure of how well the values fit together in relation to the starting values. The percentages are represented by values between 0 and 1.

………. (10)

RMSE measures the average squared error between actual and predicted values.

………. (11)

​
nRMSE normalizes RMSE relative to the range of actual values, often expressed as a percentage.

………. (12)

MAE measures the average absolute difference between actual and predicted values.

………. (13)

Where:
·  = Actual yield
·  = Predicted yield
·  = Mean of actual yield
· = Number of observations
·  year and  is average yield.

RESULTS AND DISCUSSION

Table 2: Comparison of Maize Yield Prediction Performance Using Weighted and Unweighted Across Different Models.
	[bookmark: _Hlk193145428]Performance of Maize Yield.

	
	
	Unweighted

	
	
	Training
	Testing

	Models
	Iteration
	R²
	RMSE
	nRMSE
	MAE
	R²
	RMSE
	nRMSE
	MAE

	ANN
	8
	0.91
	0.06
	0.09
	0.05
	0.12
	0.32
	0.32
	0.27

	ELNET
	12
	0.23
	0.21
	0.22
	0.16
	0.10
	0.23
	0.36
	0.22

	LASSO
	12
	0.25
	0.20
	0.22
	0.16
	0.15
	0.23
	0.35
	0.22

	MLR
	8
	0.39
	0.15
	0.22
	0.14
	0.28
	0.29
	0.29
	0.25

	RF
	28
	0.92
	0.12
	0.13
	0.10
	0.57
	0.22
	0.30
	0.18

	RIDGE
	8
	0.07
	0.20
	0.29
	0.17
	0.42
	0.33
	0.33
	0.28

	SMLR
	8
	0.39
	0.15
	0.22
	0.14
	0.28
	0.29
	0.29
	0.25

	
	
	Weighted

	
	
	Training
	Testing

	Models
	Iteration
	R²
	RMSE
	nRMSE
	MAE
	R²
	RMSE
	nRMSE
	MAE

	ANN
	26
	0.94
	0.05
	0.07
	0.04
	0.63
	0.21
	0.22
	0.16

	ELNET
	2
	0.56
	0.15
	0.16
	0.11
	0.87
	0.09
	0.14
	0.08

	LASSO
	2
	0.55
	0.15
	0.16
	0.12
	0.87
	0.10
	0.14
	0.08

	MLR
	8
	0.73
	0.10
	0.15
	0.08
	0.93
	0.15
	0.15
	0.11

	RF
	12
	0.87
	0.10
	0.11
	0.08
	0.81
	0.15
	0.22
	0.12

	RIDGE
	2
	0.50
	0.16
	0.17
	0.12
	0.87
	0.10
	0.14
	0.08

	SMLR
	8
	0.73
	0.10
	0.15
	0.08
	0.93
	0.15
	0.15
	0.11


Maize Yield Prediction
The evaluation of various models for maize yield prediction using unweighted weather data revealed that the Artificial Neural Network (ANN) achieved the lowest normalized Root Mean Square Error (nRMSE) during training (0.09), underscoring its ability to capture complex relationships within the dataset. However, in the testing phase, Multiple Linear Regression (MLR) and Stepwise Multiple Linear Regression (SMLR) recorded the lowest nRMSE (0.29), indicating better generalization capabilities among the unweighted models. For weighted weather data, ANN again demonstrated the strongest learning capacity, achieving the lowest nRMSE in training (0.07). During testing, Elastic Net (ELNET), LASSO, and Ridge regression models each achieved the lowest nRMSE (0.14), suggesting their stability and effectiveness in predicting maize yield on unseen data. (Table 2).
Table 3: Comparison of Wheat Yield Prediction Performance Using Weighted and Unweighted Across Different Models.
	Performance of Wheat Yield.

	
	
	Unweighted

	
	
	Training
	Testing

	Models
	Iteration
	R²
	RMSE
	nRMSE
	MAE
	R²
	RMSE
	nRMSE
	MAE

	ANN
	25
	0.98
	0.03
	0.04
	0.02
	0.49
	0.22
	0.24
	0.21

	ELNET
	3
	0.31
	0.21
	0.21
	0.16
	0.19
	0.20
	0.27
	0.13

	LASSO
	3
	0.36
	0.19
	0.19
	0.14
	0.17
	0.20
	0.27
	0.15

	MLR
	30
	0.42
	0.16
	0.20
	0.12
	0.29
	0.23
	0.25
	0.21

	RF
	4
	0.81
	0.12
	0.12
	0.09
	0.46
	0.18
	0.24
	0.13

	RIDGE
	3
	0.33
	0.20
	0.20
	0.15
	0.19
	0.20
	0.27
	0.14

	SMLR
	30
	0.42
	0.16
	0.20
	0.12
	0.29
	0.23
	0.25
	0.21

	
	
	Weighted

	
	
	Training
	Testing

	Models
	Iteration
	R²
	RMSE
	nRMSE
	MAE
	R²
	RMSE
	nRMSE
	MAE

	ANN
	1
	0.98
	0.04
	0.04
	0.03
	0.88
	0.15
	0.19
	0.13

	ELNET
	25
	0.29
	0.19
	0.24
	0.15
	0.81
	0.23
	0.25
	0.17

	LASSO
	25
	0.29
	0.19
	0.25
	0.15
	0.90
	0.23
	0.25
	0.17

	MLR
	6
	0.66
	0.14
	0.14
	0.12
	0.12
	0.22
	0.31
	0.18

	RF
	11
	0.89
	0.12
	0.12
	0.10
	0.67
	0.09
	0.20
	0.07

	RIDGE
	9
	0.33
	0.22
	0.26
	0.17
	0.68
	0.15
	0.24
	0.12

	SMLR
	6
	0.66
	0.14
	0.14
	0.12
	0.12
	0.22
	0.31
	0.18


Wheat Yield Prediction
In the case of wheat yield prediction using unweighted weather data, ANN recorded the lowest nRMSE during training (0.04), highlighting its capability to model complex patterns. In the testing phase, both ANN and Random Forest (RF) exhibited strong generalization performance with the lowest nRMSE (0.24). When weighted data was used, ANN outperformed all other models, registering the lowest nRMSE in both training (0.04) and testing (0.19), indicating robust learning and prediction accuracy. A similar study conducted by Aravind et al. (2022) on wheat yield prediction using linear, neural network, and penalized regression models across various locations in Punjab and Delhi found that LASSO and ELNET performed exceptionally well, with nRMSE values below 10% for four of the five locations, attributable to their penalization approach which helps prevent overfitting. (Table 3).

Table 4: Comparison of Rice Yield Prediction Performance Using Weighted and Unweighted Across Different Models.
	Performance of Rice Yield.

	
	
	Unweighted

	
	
	Training
	Testing

	Models
	Iteration
	R²
	RMSE
	nRMSE
	MAE
	R²
	RMSE
	nRMSE
	MAE

	ANN
	25
	0.98
	0.05
	0.05
	0.04
	0.43
	0.27
	0.31
	0.25

	ELNET
	2
	0.28
	0.28
	0.28
	0.22
	0.87
	0.21
	0.22
	0.15

	LASSO
	2
	0.28
	0.28
	0.28
	0.22
	0.87
	0.21
	0.22
	0.15

	MLR
	9
	0.39
	0.26
	0.26
	0.20
	0.91
	0.12
	0.14
	0.11

	RF
	11
	0.85
	0.17
	0.17
	0.13
	0.82
	0.14
	0.19
	0.12

	RIDGE
	2
	0.25
	0.28
	0.28
	0.23
	0.88
	0.20
	0.21
	0.15

	SMLR
	9
	0.39
	0.26
	0.26
	0.20
	0.91
	0.12
	0.14
	0.11

	
	
	Weighted

	
	
	Training
	Testing

	Models
	Iteration
	R²
	RMSE
	nRMSE
	MAE
	R²
	RMSE
	nRMSE
	MAE

	ANN
	9
	0.96
	0.07
	0.07
	0.05
	0.56
	0.26
	0.30
	0.20

	ELNET
	11
	0.38
	0.28
	0.28
	0.23
	0.70
	0.17
	0.22
	0.12

	LASSO
	11
	0.39
	0.27
	0.27
	0.22
	0.70
	0.18
	0.23
	0.14

	MLR
	18
	0.55
	0.22
	0.22
	0.14
	0.52
	0.26
	0.29
	0.25

	RF
	11
	0.85
	0.16
	0.16
	0.13
	0.79
	0.15
	0.20
	0.14

	RIDGE
	11
	0.37
	0.28
	0.28
	0.23
	0.70
	0.17
	0.22
	0.12

	SMLR
	18
	0.55
	0.22
	0.22
	0.14
	0.52
	0.26
	0.29
	0.25


Rice Yield Prediction
For rice yield prediction, ANN showed the lowest nRMSE in training (0.05) under unweighted data, signifying its proficiency in learning complex data relationships. MLR and SMLR achieved the lowest nRMSE (0.14) in the testing phase, demonstrating superior generalization performance. In the weighted dataset scenario, ANN again exhibited the strongest training performance (nRMSE = 0.07). However, during testing, RF provided the most accurate predictions with the lowest nRMSE (0.20), indicating its robustness in handling unseen data. (Table 4).

Table 5: Comparison of Mustard & Rapeseed Yield Prediction Performance Using Weighted and Unweighted Across Different Models.
	Performance of Mustard & Rapeseed Yield.

	
	
	Unweighted

	
	
	Training
	Testing

	Models
	Iteration
	R²
	RMSE
	nRMSE
	MAE
	R²
	RMSE
	nRMSE
	MAE

	ANN
	20
	0.89
	0.06
	0.08
	0.04
	0.56
	0.17
	0.22
	0.14

	ELNET
	20
	0.64
	0.10
	0.13
	0.08
	0.63
	0.18
	0.23
	0.15

	LASSO
	24
	0.72
	0.09
	0.11
	0.07
	0.44
	0.18
	0.24
	0.16

	MLR
	5
	0.64
	0.10
	0.13
	0.08
	0.78
	0.15
	0.18
	0.13

	RF
	30
	0.90
	0.10
	0.10
	0.07
	0.89
	0.08
	0.15
	0.07

	RIDGE
	19
	0.43
	0.15
	0.15
	0.11
	0.66
	0.12
	0.23
	0.11

	SMLR
	5
	0.64
	0.10
	0.13
	0.08
	0.78
	0.15
	0.18
	0.13

	
	
	Weighted

	
	
	Training
	Testing

	Models
	Iteration
	R²
	RMSE
	nRMSE
	MAE
	R²
	RMSE
	nRMSE
	MAE

	ANN
	8
	0.89
	0.06
	0.07
	0.05
	0.10
	0.24
	0.35
	0.20

	ELNET
	20
	0.36
	0.14
	0.18
	0.10
	0.76
	0.18
	0.23
	0.13

	LASSO
	20
	0.36
	0.14
	0.18
	0.10
	0.77
	0.18
	0.23
	0.13

	MLR
	12
	0.36
	0.14
	0.19
	0.10
	0.59
	0.15
	0.23
	0.11

	RF
	9
	0.94
	0.09
	0.09
	0.06
	0.79
	0.08
	0.18
	0.06

	RIDGE
	30
	0.40
	0.16
	0.16
	0.11
	0.78
	0.11
	0.20
	0.08

	SMLR
	12
	0.36
	0.14
	0.19
	0.10
	0.59
	0.15
	0.23
	0.11


Mustard and Rapeseed Yield Prediction
The performance analysis of models predicting mustard and rapeseed yield indicated that, under unweighted conditions, ANN achieved the lowest nRMSE in training (0.08), demonstrating its effective learning capability. In contrast, RF performed best in the testing phase with the lowest nRMSE (0.15), indicating better generalization. For weighted weather data, ANN again recorded the lowest nRMSE in training (0.07), while RF produced the most stable predictions in testing (nRMSE = 0.18). (Table 5).

Table 6: Comparison of Potato Yield Prediction Performance Using Weighted and Unweighted Across Different Models.
	Performance of Potato Yield.

	
	
	Unweighted

	
	
	Training
	Testing

	Models
	Iteration
	R²
	RMSE
	nRMSE
	MAE
	R²
	RMSE
	nRMSE
	MAE

	ANN
	6
	0.98
	0.04
	0.04
	0.03
	0.86
	0.17
	0.18
	0.14

	ELNET
	27
	0.07
	0.21
	0.21
	0.14
	0.05
	0.29
	0.35
	0.17

	LASSO
	13
	0.08
	0.19
	0.19
	0.12
	0.01
	0.32
	0.36
	0.23

	MLR
	23
	0.06
	0.20
	0.20
	0.13
	0.13
	0.30
	0.32
	0.18

	RF
	24
	0.87
	0.12
	0.13
	0.07
	0.25
	0.29
	0.29
	0.22

	RIDGE
	25
	0.17
	0.20
	0.22
	0.13
	0.00
	0.31
	0.31
	0.21

	SMLR
	23
	0.06
	0.20
	0.20
	0.13
	0.13
	0.30
	0.32
	0.18

	
	
	Weighted

	
	
	Training
	Testing

	Models
	Iteration
	R²
	RMSE
	nRMSE
	MAE
	R²
	RMSE
	nRMSE
	MAE

	ANN
	6
	0.99
	0.02
	0.02
	0.02
	0.85
	0.12
	0.13
	0.09

	ELNET
	17
	0.55
	0.22
	0.22
	0.15
	0.83
	0.06
	0.16
	0.05

	LASSO
	25
	0.48
	0.15
	0.16
	0.11
	0.74
	0.22
	0.22
	0.17

	MLR
	14
	0.60
	0.13
	0.13
	0.10
	0.52
	0.22
	0.23
	0.17

	RF
	14
	0.90
	0.09
	0.09
	0.06
	0.97
	0.14
	0.15
	0.10

	RIDGE
	17
	0.49
	0.21
	0.21
	0.15
	0.77
	0.07
	0.17
	0.06

	SMLR
	14
	0.60
	0.13
	0.13
	0.10
	0.52
	0.22
	0.23
	0.17



Potato Yield Prediction
Among all evaluated models for potato yield prediction, ANN consistently outperformed other methods across both unweighted and weighted datasets. In the unweighted analysis, ANN achieved the lowest nRMSE in both training (0.04) and testing (0.18), reflecting its strong ability to capture complex patterns and generalize effectively. For the weighted dataset, ANN again demonstrated superior predictive performance with the lowest training (0.02) and testing (0.13) nRMSE values. These results affirm ANN's reliability and accuracy in prediction potato yield under the agro-climatic conditions of Prayagraj. (Table 6).

In this study, multiple regression-based models, including LASSO (Least Absolute Shrinkage and Selection Operator), Elastic Net (ELNET), and Ridge Regression, were implemented to predict crop yield. Unlike traditional regression techniques such as Multiple Linear Regression (MLR) and Stepwise MLR (SMLR), these regularized models inherently perform feature selection by penalizing regression coefficients, which can result in some variables having zero or negligible coefficients. The omission of some variables in LASSO, ELNET, and Ridge models is a feature, not a limitation. The effectiveness of these models was validated by comparing performance metrics (R², RMSE, MAE, MBE), ensuring that the absence of certain variables did not degrade predictive accuracy. Therefore, the results obtained align with the principles of feature selection and model regularization, which enhance the robustness and reliability of the prediction model. (Vashisth et al., 2020, Kumar et al., 2019).
The evaluation of multiple machine learning models for crop yield prediction across five major crops: Maize, Wheat, Rice, Mustard & Rapeseed, and Potato; highlighted key insights into their predictive performance. ANN consistently achieved the lowest normalized RMSE (nRMSE) during training across all crops and dataset types, demonstrating its ability to learn complex patterns from historical yield and weather data. However, its generalization ability varied in testing, where different models outperformed ANN depending on the crop and dataset type. Ridge, ELNET, and LASSO provided the most stable maize yield predictions in the weighted test dataset, while MLR and SMLR performed best in the unweighted test dataset. For wheat, ANN and RF exhibited the strongest generalization in both weighted and unweighted datasets. In rice yield prediction, RF surpassed ANN in the weighted test dataset, whereas ANN remained the best in the unweighted dataset. RF also delivered the most reliable predictions for mustard & rapeseed in both weighted and unweighted test datasets. For potato, ANN demonstrated superior predictive accuracy in both dataset types, confirming its robustness in yield prediction.
To assess model performance comprehensively, we analysed both unweighted and weighted datasets separately and compared their results. The findings indicate that the models trained on weighted data generally exhibited lower nRMSE values compared to their unweighted counterparts, suggesting improved predictive stability and accuracy. This suggests that incorporating weighted data enhances model performance by better accounting for variations in historical yield and weather patterns. (Pandey et al., 2014) also attempted to develop models for prediction rice yield at district level based on weather variables for Faizabad location. The improved results in weighted models indicate that assigning appropriate importance to different data points strengthens predictive reliability. While ANN proved to be the most effective for learning complex relationships, real-world applications require crop- and dataset-specific model selection, with Ridge, LASSO, RF, and MLR performing better in various scenarios. This study highlights the importance of strategic model selection and dataset weighting in enhancing the accuracy and prediction of crop yields for Prayagraj region. 
CONCLUSION
It is concluded from this research that, based on weighted weather data, ELNET, LASSO, and Ridge regression emerged as the most suitable models for maize yield prediction. For rice and mustard & rapeseed, the Random Forest model demonstrated the best performance, delivering stable and accurate predictions. In the case of wheat and potato, the Artificial Neural Network (ANN) outperformed all other techniques, highlighting its strong learning and generalization capabilities. These findings underscore the effectiveness of data-driven approaches in modern agriculture, enabling more precise yield prediction and supporting informed decision-making for resilient and efficient agricultural practices in the Prayagraj region.
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