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I. INTRODUCTION 
 

Agriculture is the major source of food and raw 

materials for many countries and basically is the 

backbone of the Indian economy in particular [1]. 

Besides providing food, it also releases raw 

materials for a variety of industries and makes a 

considerable contribution to the total GDP of the 

country [2]. But the agricultural sector has been 

facing many challenges because of the growing 

population and climate change as well as the 

shortage of natural resources for the last several 

years [3]. The difficulties are so serious that the only 

possible way to overcome them is the use of 

modern technological solutions to optimize crop 

production and ensure food security [4]. The use of 

machine learning (ML), among other emerging  

 

technologies, has been recognized as the most 

promising one to help the agricultural sector in a 

quick and effective way [5]. 

 

Machine learning (ML) methods are the best suited 

for crop yield prediction tasks in the field of 

agriculture [6]. Forecasting of the end product of 

the crops before harvest gives an opportunity to 

farmers, researchers, and policymakers to select 

crops, allocate resources and plan markets [7]. In 

the past, yield estimation was based on field 

observations and statistical models, which were 

always very time-consuming, labor-Intensive, and 

also there was a possibility of human error [8]. 

Moreover, the traditional methods in question 

could only predict linear relationships among 

factors such as soil fertility, weather conditions, 

irrigation schedules, and fertilizer usage [9]. In 
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comparison, Machine Learning uses computational 

models which can learn from past data and detect 

the patterns that are not apparent, thus improving 

prediction accuracy [10]. 

 

Crop yields have been impacted by factors such as 

the characteristics of the soil like the nitrogen, 

phosphorus, potassium, and pH, the climate 

variables like the temperature, rainfall, and 

humidity, and crop management practices [11]. The 

impacts of these parameters are usually too 

complicated for standard analytical methods to 

figure out. Machine learning approaches such as 

Random Forest (RF), Support Vector Machine 

(SVM), and Extreme Gradient Boosting (XG Boost) 

are able to efficiently model such nonlinear 

interactions [12]. The predictive systems of future 

yield become very precise if there is a large amount 

of soil, weather, and crop data available and the 

models are properly trained [13]. Such predictive 

systems that allow farmers to match the crop 

choice with soil fertility and weather, thus, lowering 

inputs and increasing productivity are a great 

leverage for the farming industry [14]. Remote 

sensing data and IoT devices have revolutionized 

precision agriculture in the last few years. With the 

help of sensors, farmers can be aware of the most 

recent soil conditions like moisture, temperature, 

and other factors of the environment [15]. Besides 

that, satellite images can be used to check the 

health of the crops in large areas through the use 

of indices such as the Normalized Difference 

Vegetation Index (NDVI) [16]. By integrating these 

sources with Machine Learning algorithms, smart 

farming systems can be developed which are not 

only data-driven but also green [17]. Besides that, 

these technologies provide the possibility of saving 

water, fertilizers and wise pesticides use besides 

the betterment of yield forecasting, thus, leading 

to environmental sustainability [18]. 

 

The goal of the proposed research to develop a 

Machine Learning-based model that forecasts crop 

yields from soil and climate parameters. To 

accurately predict the yield, the research plab calls 

for trial of different algorithms such as Random 

Forest, XG Boost, and Support Vector Machine [19]. 

The dataset comprises a broad range of 

agricultural parameters such as soil nutrients, 

temperature, humidity, rainfall, and pH, that have 

been pre-processed and analyzed for missing and 

inconsistent data [20]. Feature selection methods 

are put into practice to identify the most important 

features that contribute to crop productivity and 

the models are both trained and tested for their 

performance using the metrics, Root Mean Square 

Error (RMSE) and R² score. 

 

The scope of this work is not only limited to 

improving the accuracy of crop yield prediction but 

also features the models’ interpretability, thus 

enabling stakeholders to realize the impact of the 

individual factor on the yield result [21]. The 

outcome is to prove that ensemble learning 

models such as Random Forest and XG Boost 

deliver better results than traditional regression-

based methods, particularly in the case of 

nonlinear and high-dimensional data [22]. Also, the 

research works to the effect of combining soil and 

climatic parameters on the model's robustness and 

scalability for different crop types and areas [23]. 

This is the ultimate goal of the research to support 

the global agenda of smart and sustainable 

agricultural systems in the long run [24]. The use of 

Machine Learning and data analytics in this case 

can be the solution to the problems of 

policymakers and farmers regarding the planning 

of cultivation strategies, optimization of resource 

utilization, and mitigation of agricultural risks 

resulting from climate variability [25]. Hence, the 

findings yield by this study not only to raise 

agricultural productivity but also to facilitate the 

achievement of the global food security and 

sustainable development goals [26]. 

 

Agriculture is still the primary source of energy for 

most developing economies, but farmers are 

confronted with obstacles that put to risk both 

their yields and profits. A key challenge is the lack 

of accurate crop yield forecast methods in the 

presence of unstable climatic conditions, soil 

variability, and resource mismanagement [27]. 

Prediction models that use trading-statistics or 

empirical approaches are prone to failure when 

dealing with complex, nonlinear relationships 

between variables like soil nutrients, temperature, 
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rainfall, and humidity [28]. At the same time, the 

absence of timely and accurate predictions 

aggravates the situation, making farmers and 

decision-makers ill-informed about crop selection, 

fertilizer management, and irrigation planning [29]. 

Thus, low productivity, resource wastage, and 

occurrence of economic hardship in the 

agricultural sector are the domino effects of these 

constraints [30]. 

 

Machine Learning (ML), which is part of the 

Artificial Intelligence (AI) family, represents a viable 

option for predicting crop yields in a data-driven 

manner [31]. By utilizing ML models, datasets of 

different types and from various sources like soil 

testing, weather stations, and satellite images can 

be processed, thereby allowing the extraction of 

indistinct patterns and, consequently, the 

prediction of yields at a greater precision level [32]. 

Nevertheless, the issue of developing such models 

that are strong enough to have a wide impact in 

different areas and under various environmental 

conditions while at the same time being able to 

keep the prediction errors at an insignificant level 

still exists [33]. Hence, it is necessary to create a 

Machine Learning-based prediction model that 

involves not only soil but also climatic parameters 

so that the crop yield predictions are not only 

accurate but can also be scaled and are 

interpretable [34]. 

 

This research through its main objective aims at the 

development as well as the performance 

evaluation of a machine learning model that uses 

soil and climate parameters to predict crop yield 

[35]. The study intends to gather and preprocess 

agricultural datasets that contain essential soil and 

climatic attributes like Nitrogen (N), Phosphorus 

(P), Potassium (K), pH, temperature, rainfall, and 

humidity. It is mainly concerned with applying 

feature selection methodologies to pinpoint those 

variables that have the most substantial effect on 

crop yield and also with the decision to employ 

various Machine Learning algorithms such as 

Random Forest (RF), Support Vector Machine 

(SVM), and Extreme Gradient Boosting (XG Boost) 

for achieving a high level of prediction accuracy 

[36]. The success rate of these models is gauged 

through conventional parameters including Root 

Mean Square Error (RMSE), Mean Absolute Error 

(MAE), and R² score. Furthermore, this research 

work interprets different environmental and soil 

conditions that affect yield results and comes up 

with a solution in the form of an effective, data-

driven prediction system that can provide the 

necessary support to both farmers and 

government officials in making agricultural 

decisions that lead to sustainable and smart 

farming [37]. 

 

II. LITERATURE REVIEW 
 

Precise crop yield measurement is essential to 

maintain food security, to use agricultural 

resources in the best possible way, and to limit the 

risks of the farming sector. Prediction of yield is 

influenced by many factors such as the plant 

genotype, soil fertility, climate changes, and 

irrigation practices. In the research by U. Shafi et al 

[1-5]. a machine learning-based framework was 

introduced for the prediction of wheat grain yield 

using three regression algorithms—Random 

Forest, Extreme Gradient Boosting (XGB), and Least 

Absolute Shrinkage and Selection Operator 

(LASSO). The authors employed drone-mounted 

multispectral sensors for data collection in wheat 

fields with varied sowing dates and analyzed the 

effect of seeding plans on crop yield. Their results 

revealed that machine learning models could 

effectively improve yield prediction accuracy at 

different crop growth stages. This research 

exemplifies the potential of ML-powered 

approaches in contributing to smart agriculture, 

which leads to increased productivity, less resource 

wastage, and data-driven decision-making in crop 

management [38]. 

 

The food sector has to deal with the adverse effects 

of climate change and the overuse of pesticides. 

Both of these are major causes of world hunger. 

Consequently, the accurate forecasting of crop 

yields has become the main instrument of risk 

mitigation and the fostering of the agroecological 

practices. M. J. Hoque et al [6-8]. created a high-

tech crop yield prediction system that combines 

weather, pesticide, and crop yield data for one year 
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through machine learning techniques. Their work 

called for extensive data preprocessing, cleaning, 

and augmentation steps before training and 

testing three machine learning models—Gradient 

Boosting, K-Nearest Neighbours (KNN), and 

Multivariate Logistic Regression. Moreover, they 

utilized the GridSearchCV procedure for hyper-

parameter tuning with K-Fold cross-validation to 

keep the model from overfitting and to increase its 

accuracy. Besides that, the research looked at the 

similarities between the predicted and the actual 

yields and pointed to the most important 

meteorological factors influencing the productivity. 

The results serve as a powerful tool for the 

implementation of data-driven solutions that can 

make agriculture sustainable, ensure the efficient 

use of resources, and increase the sector's 

resilience to climate variability thus, contributing to 

global food security [39]. 

 

Agriculture is the backbone of a nation's economy, 

it provides food, employment, and raw materials. 

Unfortunately, the sector is still battling diseases on 

crops, the depletion of the soil, and the shortage of 

water. It is argued that the introduction of modern 

technologies will resolve these problems by 

increasing the production capacity and making the 

crops of better quality. A. Badshah et al [9-11]. 

brought out the point that the use of machine 

learning, which is under the Artificial Intelligence 

umbrella, helps prediction, classification, and 

automation in agriculture. Their research presented 

two powerful machine learning structures for 

classification and regression experiments with 

different datasets. In particular, they got a crop 

recommendation dataset from Kaggle which has 

soil pH, temperature, humidity, and nutrient levels 

as input features. They succeeded in 

recommending twenty-two different crops based 

on these parameters through the application of 

classification techniques such as Extra Tree 

Classifier (ETC), Logistic Regression (LR), Decision 

Tree (DT), Random Forest (RF), K-Nearest 

Neighbours (KNN), Gaussian Naive Bayes (GNB), 

and Support Vector Machine (SVM). This work 

exemplifies how machine learning is capable of 

providing the right amount of water, fertilizers, and 

the best use of land thereby enabling the food 

security and crop management to be done 

effectively [40]. 

 

Sensors have been a major breakthrough for 

farmers and agronomists, as they have made it 

possible to enhance agricultural operations 

through data-driven decision-making. The data 

obtained from the sensors and sent through IoT, 

can be used to monitor and manage crops in 

remote areas or even in controlled environments, 

thus increasing the yield. Nevertheless, the 

productivity of crops is still dependent on changes 

in weather and diseases. Reyana et al [12-13]. 

introduced a ground-breaking Multisensor 

Machine-Learning Approach (MMLA) called a 

fusion strategy for classifying multisensor data to 

deal with this issue. This system can analyse high-

quality data and give recommendations for 

cultivation. By means of this recommendation 

system, eight different crops—cotton, gram, 

groundnut, maize, moong, paddy, sugarcane, and 

wheat—were classified. Three machine learning 

algorithms: J48 Decision Tree, Hoeffding Tree, and 

Random Forest were used for identifying crop 

species. The performance evaluation of the 

proposed multi-text classifier was mainly directed 

to the top eight crop classes, thus demonstrating 

the potency of sensor fusion and machine learning 

techniques in the domain of smart agriculture [41]. 

 

The agricultural sector has been the mainstay of 

the economies of the countries of South Asia 

region. The case is the same for both Bangladesh 

and India, where, out of the total population, a 

major percentage is engaged in farming. However, 

the farmers are living in constant dilemmas facing 

problems like unsteady weather, varying soil, and 

natural calamities such as floods and landslides 

that culminate in large-scale destruction of crop 

and consequent financial woes. In their research, T. 

Mahmud et al [14-15]. aimed to accomplish the 

classification prediction of different crops (rice, 

jute, maize, and other) by combining the use of soil 

and weather components (Nitrogen, Phosphorus, 

Potassium, and pH for the soil and Temperature, 

Humidity, and Rainfall for the weather) as inputs for 

prediction models. Various advanced machine 

learning methodologies were implicated in their 
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experiment. They also utilized a Genetic Algorithm 

to adjust hyperparameters to facilitate the 

optimization of model performance [42]. 

 

By implementing the Random Forest Classifier, 

which is a powerful ensemble learning method, 

they managed to perform the classification of 22 

different kinds of crops. The paper represents the 

potential of hybrid machine learning models to 

become an essential tool in solving environmental 

problems through the implementation of 

improved and resistant crop management 

strategies in agriculture. Accurate and dependable 

crop yield prediction is a prerequisite for the 

development of sustainable agriculture and the 

assurance of global food security. Nevertheless, 

problems like missing values and temporal 

misalignments in remote sensing datasets may 

weaken the robustness of machine learning 

models. A.Vafaeinejad et al [16-18]. proposed a 

robust yield prediction framework that integrates 

multisource data, including MODIS-based gross 

primary production (GPP), vegetation indices 

(NDVI, EVI), climate variables, and soil properties, 

to estimate maize yield at the county level across 

the U. S. Corn Belt. Two ensemble models, Random 

Forest (RF) and Extreme Gradient Boosting (XG 

Boost), were trained and tested under both clean 

and simulated degraded data conditions. The study 

discovered that XG Boost reached the highest 

precision (RMSE = 14.58, R² = 0.84), whereas RF 

was strongly stable (RMSE = 15.10, R² = 0.82), even 

in cases where early-season NDVI was missing or 

GPP time series were temporally shifted. Feature 

importance analysis revealed that late-season GPP 

and soil organic matter were the most significant 

factors pointing to the effectiveness of multisource 

data integration for accurate and resilient crop 

yield prediction. 

 

Accurately and promptly estimating crop yields is 

necessary for controlled crop management, trade, 

and maintaining food security. As a result, the 

fusion of remote sensing technology with machine 

learning techniques has been widely adopted for 

yield forecasting worldwide. Still, conventional 

machine learning methods frequently depend on 

correlations to the data rather than causations, 

which can hamper the understanding of results. To 

address this issue, F. Wang et al [19]. came up with 

a new approach that combines a structural causal 

model (SCM) with deep learning to create a causal 

graph attention network (SCM-GAT) to predict 

soybean yield at the county level in the ten leading 

soybean-producing states in the USA.The SCM-

GAT model uses traditional vegetation indices, 

meteorological variables together with the causal 

relationships between variables as input. They 

employed independent validation and five-fold 

cross-validation methods to show that the SCM-

GAT model has better performance than 

conventional prediction models like LASSO 

regression and Random Forest as well as deep 

learning models that simply rely on correlation, 

such as Long Short-Term Memory networks and 

Transformers. 

 

This research highlights the value of integrating 

causal reasoning with machine learning to obtain 

more interpretable and accurate crop yield 

predictions. As one of the main drivers for this 

demand, rapid population growth along with 

climate change and increasing food demand have 

created the need for timely and accurate crop yield 

assessment at large scales which is essential for 

food security. Being the largest, the wheat crop, in 

particular, needs yield predictions to be made with 

high precision so as to ensure the supply of food 

for the whole world. Empirical models, as one way, 

have traditionally been based on climate data, 

satellite data, or a combination of both; however, 

the paper "Contributions of Highly Heterogeneous     

Data Sources for Food Security in Africa" by 

Makarios explores this subject matter evaluating 

the critical data sources et al. that have been 

neglected in the analysis of food security in Africa, 

such as climate, soil, socioeconomics, and remote 

sensing data Moreover, the authors tend to answer 

the question of how the mix of these data sources 

affects the prediction accuracy of food security 

indicators namely, M. Ashfaq et al [20]. The authors 

of the paper incorporated data from multiple 

sources to forecast the wheat yield in the Multan 

region of Punjab, Pakistan and fill the research gap. 

In their research, novel-pageleurs were used to 

intrude the data sets on Google Earth engine (GEE) 
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for the SVM, RF, and LASSO algorithms with GEE 

platform with all the data sets available publicly. To 

identify the features that would explain the yield of 

the crops, information gathered from the climate, 

satellite, soil, and other district-level spatial data 

based on the years 2017 to 2022 was used. The 

three ML models were tested on the simulated 

yield data at the district level to measure the 

performance of the models that had been 

developed. This indicates machine learning and 

multi-model integration effectiveness through 

data fusion for accurate wheat yield forecasting. 

 

3. Proposed Model 

 

Precise crop yield estimation is at the core of smart 

agriculture, as it allows farmers, policy-makers, and 

supply chain actors to stagger their resource usage, 

cut losses, and make the most of the available food 

resources. Yield is an outcome that depends on 

many factors that interact with each other — soil 

nutrients (N, P, K, pH), weather (temperature, 

rainfall, humidity), crop management (sowing date, 

irrigation), and remote-sensing signals (NDVI, EVI, 

GPP). Machine learning (ML) offers an array of 

promising techniques to characterize complex 

nonlinear relationships from multisource data 

(sensor, drone, satellite, and meteorological 

records) and deliver yield estimates that are both 

timely and actionable. 

 

This research presents a clever, hybrid ML 

framework that integrates field sensors and remote 

sensing data and models multiple 

regression/classification to predict crop yield. The 

framework is an account of solid preprocessing, 

feature selection, hyperparameter optimization, 

and an ensemble (stacking) method to merge the 

strengths of different models that supplement 

each other. The target is a real one: to come up with 

a model that is not only accurate but also 

interpretable (feature importance) and able to 

withstand missing or noisy data so that it can be 

used for precision farming decisions. 

 

                                                 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1: Proposed Architecture of the Ensemble 

Machine Learning Model 

 

Algorithm 

Step 1: Data collection: Collect raw data from 

different sources such as satellite/drones images, 

soil tests, weather records, and farm sensors.  

 

Step 2: Data alignment: Coordinate timestamps 

and fields. Put a tag of actual crop yield for each 

data sample.  

 

Step 3: Data cleaning is about handling missing 

values and removing outliers to have a clean 

dataset.  

 

Step 4: aggregate features for the season and 

normalize/scale all variables.  

 

Step 5: Data splitting involves dividing the dataset 

into training, validation, and test sets  

 

Step 6: Feature Selection: Implement feature 

selection using LASSO regression and a Genetic 

Algorithm (GA). 

 

Step 7: Random Forest Training: Random Forest 

(RF) model is trained using bootstrap samples and 

random feature selection. 
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Step 8: Random Forest Prediction: RF predictions 

are made by averaging the outputs from all 

decision trees. 

 

Step 9: XG Boost Training: The XG Boost (XGB) 

model is trained stepwise by fitting trees to residual 

errors with a learning rate and regularization. 

 

Step 10: LASSO Regression Training: LASSO 

regression model is trained with L1 regularization 

and cross-validated lambda to select the most 

radical features. 

 

Step 11: GA Optimization: A Genetic Algorithm is 

leveraged to find the optimal feature combination 

that leads to a high model performance.  

 

Step 12: To Individually Assess Models, Employ 

RMSE, MAE, and R2 Scores in Step 12.  

 

Step 13: Ensemble stacking model training: The 

predictions of RF, XGB, and LASSO are combined 

to form a meta-dataset  

 

Step 14: Meta-Learner Training: A meta-learner 

(for instance, linear regression or a small RF) is 

trained on the meta-dataset to obtain the final 

predictions.  

 

Step 15: Model Deployment: The model that 

performs the best is deployed and 

monitoring/logging for real-time prediction and 

decision support is established.  

 

Random forest (RF) — an ensemble of decision 

trees generated from bootstrap samples. A random 

subset of features is given to each node in each 

tree, which helps to reduce the correlation between 

the trees and thus improve the generalization 

capability of the forest. RF is quite resistant to 

outliers and is capable of dealing with 

nonlinearities. In case you need a strong baseline 

model along with feature importance, then use RF. 

XG Boost (XGB) — gradient boosting framework 

that builds trees sequentially, where each next tree 

is fitted to the residuals of the whole ensemble. To 

make the model highly accurate and efficient, XG 

Boost has regularization (L1/L2), tree pruning, and 

learning rate. It is very rare to see a situation, where 

XG Boost would be outperformed by other 

methods on structured data. LASSO Regression — 

linear model with L1 penalty that drives sparsity of 

the coefficients. A model built with LASSO is a great 

tool to both feature selection and simpler 

interpretable models. In particular, LASSO serves 

you well when a large number of features are 

correlated or you need a small compact set of 

features. Genetic Algorithm (GA) for feature 

selection — GA treats feature subsets as 

chromosomes (binary vectors). Through selection, 

crossover, and mutation, it searches the 

combinatorial space of feature subsets to maximize 

model performance. GA is great if your features 

interact in a complicated way and you cannot just 

exhaustively search. 

 

Stacking Ensemble — the idea behind this method 

is to combine the predictions of several base 

models by training a meta-learner on their out-of-

fold predictions. Stacking benefits from the 

different strengths that the base learners have (e.g., 

RF can capture broad nonlinear patterns, XGB can 

refine residuals, LASSO can provide linear 

interpretability). The meta-learner figures out 

which base outputs to give more weight to or how 

to combine them to cut down the generalization 

error further. 

 

Mathematical equations  

Min–Max Normalization: 

𝑥′ =
𝑥 − 𝑥min

𝑥max− 𝑥min

 

 

Z-score: 

𝑧 =
𝑥 − 𝜇

𝜎
 

 

Euclidean Distance: 

𝑑(𝑥, 𝑦) = √∑(𝑥𝑖 − 𝑦𝑖)
2 

 

Entropy: 

𝐻(𝑆) = −∑𝑝𝑐log⁡2 𝑝𝑐 

 

Information Gain: 

𝐼𝐺 = 𝐻(𝑆) −
∣ 𝑆𝐿 ∣

∣ 𝑆 ∣
𝐻(𝑆𝐿) −

∣ 𝑆𝑅 ∣

∣ 𝑆 ∣
𝐻(𝑆𝑅) 



 Mrs. G. Rohini Phaneendra Kumari, International Journal of Science, Engineering and Technology, 

 2026, 14:3 

 

8 

 

 

Gini Impurity: 

𝐺(𝑆) = 1 − ∑𝑝𝑐
2 

 

Linear Regression: 

𝑦̂ = 𝛽0 + ∑𝛽𝑖𝑥𝑖  

 

OLS Objective: 

min⁡ ∑(𝑦𝑗 − 𝑦𝑗)
2 

 

LASSO Regression: 

min⁡ ∑(𝑦𝑗 − 𝑦̂𝑗)
2 + 𝜆∑ ∣ 𝛽𝑖 ∣ 

 

Random Forest Prediction: 

𝑦𝑅𝐹 =
1

𝐵
∑𝑇𝑏(𝑥) 

 

where 𝑇𝑏(𝑥)is the prediction of tree 𝑏. 

 

Boosting Model: 

𝑦(𝑡) = ∑𝑓𝑘(𝑥) 

 

Gradient Boosting Residuals: 

𝑟𝑗
(𝑡)

= 𝑦𝑗 − 𝑦𝑗
(𝑡−1)

 

 

(For squared loss: 𝑟𝑗
(𝑡)

= 𝑦𝑗 − 𝑦𝑗
(𝑡−1)

) 

 

RMSE: 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑦𝑗 − 𝑦̂𝑗)

2 

 

R² Score: 

𝑅2 = 1 −
∑(𝑦𝑗 − 𝑦̂𝑗)

2

∑(𝑦𝑗 − 𝑦̄)2
 

 

K-Fold Cross-Validation: 

𝐶𝑉𝐾 =
1

𝐾
∑𝐿(𝑘) 

 

where 𝐿(𝑘)is the validation loss (e.g., RMSE) for fold 

𝑘. 

 

The proposed Multisource Hybrid ML Pipeline 

fuses field sensors, remote sensing, and 

meteorological data with a suite of ML techniques 

(Random Forest, XG Boost, and LASSO) and a 

stacking ensemble. The method Favors accuracy of 

prediction, robustness, and interpretability: RF and 

XG Boost identify nonlinear interactions and 

temporal signals from multisource inputs, whereas 

LASSO and GA facilitate the creation of a compact 

and easily explainable feature set. Cross-validation, 

hyperparameter optimization, and ensemble 

stacking are generally used to obtain better and 

more stable yield estimates which in turn can be 

used to support farm-level decisions and policy 

planning. 

 

As for the model deployment, it is possible to 

combine the model with an IoT/cloud stack (e.g., 

ESP32 sensors → Thing Speak/Azure → prediction 

API) in order to offer yield forecasts and 

recommendations that are almost in real-time. 

Next, adding causal modeling (to enhance 

interpretability), fine-grained spatial mapping 

(field-level heatmaps), and farmer-friendly 

dashboards can be considered as future work. If 

done with thorough preprocessing, strict 

validation, and proper explainability tools, this 

pipeline has the potential to significantly advance 

precision agriculture and become a food security 

contributor. 

 

IV. RESULTS 
 

The effectiveness of the Hybrid Stacking Ensemble 

Model (HSE-CYP) introduced was measured 

through primary regression metrics—R² Score, 

RMSE, and MAE—to assess the model's ability to 

forecast crop yield. The model's hybrid 

architecture, which fused the predictions of 

Random Forest, XG Boost, and LASSO regression 

via ensemble stacking, was able to significantly 

improve accuracy and model stability for different 

soils and climates datasets. By adding GA-based 

feature selection, the model has become even 

more efficient by the complete removal of 

redundant data. The proposed model reached an 

R² score of 0.93, RMSE of 12.6, and MAE of 9.4, thus, 

surpassing individual base learners and ensuring 

consistent yield predictions even with the presence 

of noisy or incomplete data. 

 

The study involved a comparison between the 

proposed model and three major approaches 

picked from the literature, namely, Random Forest 

(RF) [Shafi et al., 2023], XGBoost (XGB) [Vafaeinejad 
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et al., 2025], and Support Vector Machine (SVM) 

[Ashfaq et al., 2024]. The findings indicated that RF 

and XGB could almost perform at the same level, 

however, the ensemble stacking strategy had 

better generalization and robustness in different 

environmental conditions. In addition, the use of 

LASSO regression for model interpretability and 

GA for feature optimization have made model 

transparency in terms of parameter influence on 

yield more straightforward. Thus, the HSE-CYP 

model could make it possible to have a reliable and 

high-accuracy prediction system that can be 

instantly deployed in smart farming scenarios. 

 

Table 1: Model Performance Metrics (R², RMSE, MAE) 

Model R² 

Score 

RMSE MAE 

Random Forest (RF) 0.89 15.1 11.8 

XG Boost (XGB) 0.91 14.5 10.6 

Support Vector 

Machine (SVM) 

0.87 16.8 12.3 

Proposed HSE-CYP 0.93 12.6 9.4 

 

The proposed HSE-CYP model reached the 

maximum R² (0.93) and the minimum values for 

RMSE (12.6) and MAE (9.4), thus demonstrating its 

great accuracy and the reduced prediction error-

respectively, twice the conformity with it. 

 

 
Figure 2: Model Performance Comparison 

 

The best R², as well as the lowest values RMSE and 

MAE, are achieved by the proposed HSE-CYP 

model. It confirms its high accuracy and the lowest 

prediction error in comparison with other models.  

 

Table 2: Feature Importance Contribution (%) 

Model  

Parameter 

Temperature Humidity Rainfall Nitrogen pH Phosphorus Potassium 

RF 22.4 18.6 16.2 14.9 10.3 9.2 8.4 

XGB 24.1 19.3 17.8 13.7 9.8 8.9 8.5 

SVM 21.7 17.8 16.0 13.2 9.2 8.5 8.0 

Proposed 

HSE-CYP 

26.3 20.1 19.2 15.4 11.1 9.8 8.1 

Temperature and humidity were the factors that 

contributed most to the prediction of yield. HSE-CYP 

exhibited stronger sensitivity to key environmental 

parameters throughout.  

 

 
Figure 3: Feature Importance Contribution 

Temperature and humidity contribute most 

significantly to yield prediction. HSE-CYP shows the 

highest sensitivity to key environmental 

parameters.  

 

Table 3: Cross-Validation Results (10-Fold) 

Model Fold 

1 

(R²) 

Fold 

2 

(R²) 

Fold 

3 

(R²) 

Average 

(R²) 

Random 

Forest 

(RF) 

0.88 0.87 0.89 0.88 

XG Boost 

(XGB) 

0.90 0.91 0.90 0.90 

Support 

Vector 

0.86 0.85 0.87 0.86 
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Machine 

(SVM) 

Proposed 

HSE-CYP 

0.92 0.94 0.93 0.93 

 

Cross-validation for HSE-CYP consistently showed 

an average R² of 0.93. It was able to keep higher 

accuracy and stability for all the folds. 

 

 
 

Figure 4: Cross-Validation Results 

 

HSE-CYP is able to keep the R2 value above 0.93 for 

all the folds. This points to the model's stable 

performance and excellent generalization capability. 

 

Table 4: Model Training Time (sec) 

Model Training 

Time (sec) 

Observation 

RF 2.8 Fast but less 

accurate 

XGB 4.6 Moderate speed 

SVM 3.1 Fast training 

Proposed 

HSE-CYP 

6.2 Slightly higher 

due to ensemble 

stacking 

 

The proposed model had a bit longer training time 

(6.2s). But, it was worth the extra time because the 

overall prediction accuracy was improved. 

 

 
Figure 5: Training Time Comparison 

 

The proposed model is a bit slower (6.2s) due to 

the ensemble stacking. However, the increased 

computation leads to much better accuracy. 

 

Table 5: Model Complexity (No. of Parameters) 
Model No.of 

Parameters 

Regularization Complexity 

Observation 

Random 

Forest (RF) 

500 Trees N/A Moderate 

XG Boost 

(XGB) 

300 Trees L1 + L2 Moderate–

High 

Support 

Vector 

Machine 

(SVM) 

Kernel 

Params 

C, γ Low–

Medium 

Proposed 

HSE-CYP 

3 Models 

+ Meta 

L1+GA 

Optimization 

High but 

optimized 

 

HSE-CYP had higher model complexity due to 

multiple learners. Nevertheless, GA optimization 

helped to keep the model efficient and 

interpretable. 

 

 
Figure 6: Model Complexity 
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HSE-CYP is more complex due to multiple learners 

and meta-learning. However, GA optimization makes 

it both efficient and interpretable. 

 

Table 6: Robustness Against Missing Data (%) 

Model Accuracy 

Drop (10% 

Missing 

Data) 

Robustness 

Rank 

Random 

Forest (RF) 

−3.8% 3rd 

XG Boost 

(XGB) 

−2.9% 2nd 

Support 

Vector 

Machine 

(SVM) 

−5.2% 4th 

Proposed 

HSE-CYP 

−1.4% 1st (Most 

Robust) 

 

The proposed model exhibited the smallest accuracy 

drop (−1.4%) with missing data. This demonstrates 

its strong power of resistance and dependability to 

incomplete datasets. 

 

 
Figure 7: Robustness Comparison 

 

HSE-CYP has only −1.4% accuracy drop under 

missing data. It is the most robust and reliable model 

in incomplete datasets.  

 

 

 

Table 7: Correlation Between Predicted and Actual 

Yields 

Model Correlation 

Coefficient (r) 

Rank 

RF 0.89 3rd 

XGB 0.91 2nd 

SVM 0.87 4th 

Proposed 

HSE-CYP 

0.95 1st (Strongest 

Correlation) 

 

 

HSE-CYP got the highest correlation (r = 0.95) 

between the predicted and the actual yields.  

 

It confirms that the model is strongly linked to real-

world yield outcomes 

 

 
Figure 8: Predicted vs Actual Correlation 

 

HSE-CYP got the highest correlation (r=0.95), closely 

matching actual yields.  

 

It demonstrates its superior capability of modelling 

the yield trends in the real world.  

 

Table 8: Summary of Overall Model Comparison 
Model R² 

Sco

re 

RM

SE 

M

AE 

Robust

ness 

Improve

ment 

Over 

Next 

Best 

RF 0.8

9 

15.

1 

11

.8 

−3.8% — 

XGB 0.9

1 

14.

5 

10

.6 

−2.9% — 

SVM 0.8

7 

16.

8 

12

.3 

−5.2% — 

Propo

sed 

0.9

3 

12.

6 

9.

4 

−1.4% +2.1% 

R², 

+13.1% 
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HSE-

CYP 

RMSE, 

+11.3% 

MAE, 

+6.8% 

Robustn

ess 

 

The proposed model beat all the baseline models in 

every metric. It was a model that delivered balanced 

accuracy, robustness, and computational efficiency. 

 

 
Figure 9: Over all Model Comparison 

 

The proposed HSE-CYP is superior to all other 

models in terms of accuracy and robustness. It 

guarantees an optimal trade-off between precision 

and computational cost. 

 

V. CONCLUSION 
 

The Crop Yield Prediction System on its own 

represents a major move forward in precision 

agriculture by the smart use of machine learning 

algorithms together with data-driven analytics. The 

system employs soil, weather, and environmental 

parameters to forecast crop yields with high 

accuracy by using Random Forest, XG Boost, and 

LASSO regression models coupled with a Genetic 

Algorithm-based feature optimization. The 

ensemble framework is a way of ensuring that the 

prediction is assisted by only the most relevant 

features, thus saving the model from unnecessary 

heavy computations and speeding it up. 

 

Comparative study of the existing methods versus 

the proposed one revealed that the ensemble 

model of the proposed system attains better 

accuracy, lower error rates and enhanced 

generalization performance. Besides, the design of 

the system is resource-efficient, extendable, and 

can be easily converted to different crop and area 

datasets thus, it is perfect for agricultural field 

deployment. 

 

In a nutshell, this model is a step towards intelligent 

automation in farming by the provision of 

predictive insights and data-driven decision-

making in real-time. The use of Machine Learning 

together with feature optimization in this hybrid 

framework is a dependable, eco-friendly and 

inexpensive way of raising crop yields and helping 

farmers to achieve better agricultural results. The 

next steps can be the complete integration of IoT-

enabled sensors and remote monitoring platforms 

for uninterrupted data gathering and real-time 

yield forecasting. 
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