Ensemble Machine Learning Model for Crop Recommendation in Precision Agriculture: A Comprehensive Survey
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Abstract- Recommendation of crops is an essential decision-making problem in precision agriculture, which affects directly productivity, resource efficiency, and sustainability. There is a growing challenge in the traditional rule-based and experience-driven methods of crop selection with the uncertainty of climate and soil heterogeneity, as well as the complexity of the data. Using agro climatic and soil parameters, crop recommendation systems based on machine learning have emerged as competitive alternatives, but most of the current methods are standalone models that are subject to perilous drawbacks of data imbalance, non-linearity, overfitting, and bad cross-regional generalization. In this paper, a thorough and systematic review of the crop recommendation systems is provided with a major emphasis on hybrid and ensemble machine learning systems. Literature is discussed and classified according to the modeling strategies, data sources, feature engineering methods, and evaluation practices. The latest tendencies such as real-time sensing based on IoT, explainable artificial intelligence, and multi-source data fusion are under immense scrutiny. The major issues of scalability, interpretability, cost of computation, and real-life implementation are mentioned. The review identifies gaps in research and defines the future direction to be strong, scale-able, and farmer-based hybrid crop recommendation systems to apply precision agriculture.
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I. INTRODUCTION
The rising uncertainty in climatic conditions, soil variability and resource availability has rendered traditional methods of crop selection unreliable and require the application of intelligent decision support systems in precision farming. Machine learning based Crop recommendation systems have become useful in streamlining agricultural decision-making using agro-climatic and soil characteristics. Nevertheless, the majority of the available methods are based on single models that fail to provide data imbalance, non-linearity, regional dependency, and poor generalization. The review is an elaborate and systematic summary of modern crop recommendation 
Systems emphasizing mainly on the hybrid and ensemble machine learning architectures. The literature is categorized systematically depending on modeling strategies, data sources, feature engineering strategies and evaluation practices. This work is a critical review of the hybrid frameworks that all eviate the short comings of single algorithms through enhancing resilience, precision and flexibility to complex agricultural environments. Also, the review examines new trends of real-time IoT integration, explainable AI, and multi-source data fusion. The most important issues of scalability, interpretability, computational load, and practical implementation are pointed out. This work summarizes diverse research results, giving a coherent view of the existing position of ML-based crop recommendation systems and recommending the way forward on the research to create more robust, farmer-focused, and scalable hybrid learning recommendations on precision agriculture.
A. Overview
Farming will always remain a source of food, jobs, and wealth in the world. The industry has however been experiencing unprecedented pressures that are being occasioned by climatic variability, growing population pressure, soil erosion, water scarcity and unpredictable weather patterns. These obstacles have greatly complicated the agricultural decision-making processes especially in areas where farming activities are highly reliant on climatic conditions. The old age agricultural practices that depend a lot on historical knowledge and the experience-based system of making decisions are becoming inadequate to deal with these dynamic and interdependent problems [2].
Responding to this, precision agriculture as a transformative paradigm has arisen as a response to the need to use data-driven technologies to optimize farming activities. Precision agriculture allows site-specific interventions instead of field-level decisions because it combines soil, weather, and environmental information [3]. Choosing a crop is one of the most crucial choices because the suitability of a given crop directly affects its production, resource use, and degree of economic rewards. Cloud-enabled crop Suggestion algorithm that assesses soil and weather information using appropriate methods of machine learning to suggest suitable crops. The system facilitates precision agriculture and improves farmers' decision-making through cloud computing [1].
The purpose of crop recommendation systems to assist farmers with the selection of crops that are most suitable for the agroclimatic conditions in their area. Besides soil nutrients such as nitrogen (N), phosphorus (P) and potassium (K), other environmental variables such as temperature, rainfall, humidity as well as soil pH are often taken into account by these systems. [4].Properly prepared crop recommendation enhances productivity besides promoting sustainable farming through reduction in unnecessary use of fertilizers, decreased risks of crop failures, and maintenance of soil health. As a result, a system of intelligent crop recommendation has become an essential part of the current agricultural decision-support system.
B. Motivation for the Work
Even though the choice of crops has always been determined in a rather traditional way, according to the practices of the region and experience of farmers, these methods cannot be considered as reliable anymore, under the influence of the climate change and uncertainty of the environmental conditions. Abnormal rainfalls, extreme temperatures, high frequency of extreme weathers have reduced the predictability of historical farming experience [5]. Additionally, traditional methods sometimes overlook minute variations in soil characteristics and environmental elements, resulting in broad suggestions that may not be optimal at field or plot scales.
One potential alternative, that can be promising to provide, is machine learning techniques that allow making data-driven crop recommendations that respond to changing conditions [6]. ML models have the ability to study large non-homogeneous sets of data and determine intricate nonlinear relationships between crop requirements, soil, and climate.
This has seen the ML-based crop recommendation systems to be more accurate and adaptable than rule-based or heuristic systems.
But regardless of these developments, the vast majority of Present-day crop recommendation systems depend on particular, limited machine learning models.As an example, probabilistic models can fail on the assumption of feature independence, tree-based models tend to overfit, and distance-based models can be poor in high-dimension, noisy, or both noisy and high-dimension datasets. Agricultural data is very intricate, it is usually unbalanced, uncertain, and highly dependent on each other among features. Depending upon one model thus restricts strength and extrapolation on varied areas and datasets.
This has encouraged an increasing amount of interest in hybrid and ensemble machine learning methods, which are algorithm combinations that make use of their complementary advantages. The higher accuracy, stability and resilience of hybrid models have been demonstrated in other application areas, however, adoption of such models in crop recommendation systems has been disjointed and irregular. Furthermore, the data sources, assessment procedures, and performance indicators used in the existing studies are diverse, and it is hard to compare methods and obtain common conclusions. These issues mean that there is a necessity to thoroughly review the existing literature addressing the most important problems with hybrid crop recommendation systems based on machine learning.
C. Novelty of Review
Conversely, to current survey articles which are more general on smart agriculture or prediction of crop yield, the current review is dedicated to crop recommendation systems as a subset of precision agriculture with a strong inclination towards hybrid and ensemble machine learning systems. 
In this paper, a the matic taxonomy is presented, which sorts available literature in terms of modeling strategies (traditional, classical ML, deep learning, and hybrid models), data characteristics, and evaluation practices. It methodically examines the way hybrid methods can overcome the weaknesses of individual models, specifically in the management of non-linear dependencies, imbalance of data, as well as in the management of noisy farming data. Moreover, the gap between methodological development and applicability is addressed through this review which will consider both the model scalability, interpretability and deployment constraints as reported in the literature.
This review has consolidated the findings of different studies and areas, therefore, offering a single view of the existing state of machine learning-driven crop recommendation studies. It also points out weak research gaps regarding generalization, benchmarking, and implementation into practice, and, therefore, provide useful information on hybrid model design and implementation in the future.
D. Key Objectives
1. To thoroughly examine existing crop recommendation systems used in precision agriculture, ranging from traditional deep learning and traditional machine learning based methods.
2. To evaluate ensemble and hybrid proposed predictive model in crop suggestion with a focus on their architectural methods, advantages in terms of performance, and drawbacks as compared to solo models.
3. To identify open challenges and research gaps related to scalability, robustness, Interpretability and actual execution of Systems for recommending crops,with a focus on hybrid learning frameworks and to outline future research directions that can inform the creation of more precise, dependable, and farmer-focused intelligent crop suggestion systems.
II. FOUNDATIONS AND RESTRICTIONS
Machine learning can create complex relationships between soil characteristics, climatic factors, crop requirements, and other factors, it has become widely used in crop recommendation systems. Early research focused mostly on applying individual machine learning algorithms to classify or predict suitable crop kinds using structured agro climatic data. The methods' incapacity to handle data complexity, variability, and generalization has become even more evident, despite the fact that they shown a notable improvement over conventional rule-based systems. This section reviews experimental review of the fundamentals of recommendation powered by predictive modelling and finds gaps that inspire hybrid learning approaches.A number of studies have investigated classical supervised learning algorithms in terms of crop recommendation, where crop labels are mapped to soil nutrients and climate variables. The purpose of [7] was to improve farm machinery performance by evaluating nine machine learning classifiers based on weather and soil. Although Random Forest achieved a maximum accuracy of 90.31% and shown a strong capacity for non-linear learning, the study was conducted on a single dataset, making it unable to robustly examine the ability across regions.
 [8] Suggested a straight forward Gaussian Naive Bayes and Decision Tree classifiers with NPK and pH as inputs are used in a system for crop suggestion .Despite the Gaussian Bayesian 93% accuracy, its applicability to more complicated and connected agricultural data was limited by the assumption of feature independence. In the work by [3], [13] machine learning classifiers of crops were used in a decision support system. The model Stochastic Gradient Descent Classifier performed well on a few datasets with almost perfect accuracy; the results were extremely sensitive to preprocessing decisions and were not based on ensemble or hybrid validation.



Fig 1. Propose flow for Crop Recommendation

The work [10] was focused on multi-class classification of crop recommendation with an ensemble of KNN, Random Forest, and Ridge Regression. The combination of learners led to the ensemble attaining R2values of up to 92% of the major crops indicating the advantages of learner’s combination over single learners in predicting yields as opposed to generalized crop recommendation in a range of agro-climatic conditions.
A more explainable framework of crop recommendation based on Gradient Boosting with XAI was proposed by [11]. The model did not consider the possibility of using hybrid combinations to increase the level of robustness, despite the fact that it was found to have improved clarity and a high level precision about 92%, it did not look at the possibility of using hybrid combinations to raise the level of robustness. Crop Suggesting Model built on cloud this idea was put forth by [12], which uses machine learning with real-time environmental data. The system was also around 91.2% accurate, and scalable, although it had lower performance in comparison to ensemble-heavy methods, and had infrastructure dependency issues when trying to use it in rural regions [12]. The article by [13] was concerned with the prediction of maize on a plot level with multi-source data available such as climate, soil, fertilizer, and satellite image. Machine learning models had high R2 as up to 0.93, which highlights the significance of feature diversity; but the research focused on yield prediction as opposed to direct crop recommendation.
 The article by [14] examined the idea of crop suggestion using IoT, real world environmental sensors and ML techniques.It was more than 91% accurate, although the high hardware cost and the use of continuous sensor access made it difficult to scale to low-resource agricultural environments. A Bayesian-optimized ensemble decision tree was suggested by [15] which has about 90.5% accuracy on crop recommendation. Though the ensemble has been observed to perform better than the individual models, dimensionality reduction lowered the interpretability of agricultural features. To improve the accuracy of crop recommendations for different crops [16] combined XGBoost and Random Forest classifiers with soil data. Although the ensemble was only evaluated on region-specific data, which limited the extrapolation, it produced accurate results of about 91%.
III. DATA SOURCES, FEATURE ENGINEERING, AND DECISION-ORIENTED FRAMEWORKS IN CROP RECOMMENDATION AND AGRICULTURAL INTELLIGENCE
The quality of the input data, feature engineering techniques, and decision frameworks used during model development and testing all have a major influence on the quality of crop suggestion based machine learning. Contrary of generic classification problems, agricultural decision systems: 1) require the incorporation of heterogeneous sources of data; 2) soil properties, climatic variables, spatial information, and temporal patterns should be robust and interpretable. This part discusses literature focusing on data-centric modeling, spatial decision-making models, and novel analytical procedures that are applicable in crop recommendation and other closely related agricultural prediction tasks.
Utilizing structured numerical data was founded on soil nutrients and historical weather patterns. As demonstrated in [17], Machine learning models have the ability to forecast yields. of corn effectively using seasonal weather information as well as the information about the soil. Their combination method minimized the error in prediction relative to single learners, and it is important to note that complementary data-driven models should be combined. The research was, however, mostly on yield forecasting as opposed to direct crop recommendation, which restricted it to crop selection problems only.
On the same note, [18] compared the performance of Extreme Gradient Boosting (XGBoost) and deep learning models in estimating yields using multiple-year of agricultural data. XGBoost was comparable to deep learning in performance, but needed much less computational resources. Despite the fact that the study strengthened the relevance of feature-engineered structured data, it was limited by the scope of yield estimation, and not recommendation of crops in different agro climatic conditions.
In addition to numerical data, spatial and geospatial data has also been extensively studied in order to enhance agricultural decision-making. [19] Proposed a GIS based suitability prediction framework of croplands using machine learning to combine soil, terrain and climatic layers. They enhanced the classification of spatial suitability and planning for sustainable land use. However, land appropriateness served as the model. Mapping-oriented instead of end-to-end crop suggestion, and temporal flexibility was restricted [20] carried out a scoping review of land suitability analysis (LSA) for crop species that are neglected and underutilized. The study has highlighted a growing trend in the use of multi-criteria decision-making (MCDM) and machine learning to address different environmental features. Although this review was valuable in providing necessary methodological information, it focused on suitability assessment but not on predictive recommendation of crop and did not provide quantitative benchmarking of models.
The application of structured decision frameworks in combination with spatial data has also been addressed using the techniques of analytic hierarchy process (AHP). [21] Used AHP with geospatial methods to estimate the adaptability of cereal crops for North India's soil and climate. Although the paper has managed to generate spatial zoning of suitability classes, the subjective weighting and the lack of machine-learning based generalization hampered scalability and adaptability. To overcome subjectivity in decision, [22] introduced an ensemble model that integrates a state-of-the-art multi-criteria decision model with machine learning in estimating the suitability of wheat land. The strategy enhanced the accuracy in classification and reduced the impact of Human-induced bias by combining various decision models with the ML classifiers. However, the framework was region-specific and based on suitability as opposed to crop recommendation among different types of crops.
The recent research has ventured into intelligent decision-support mechanism that transcends the single-task modeling. A decision-making framework based on AI was introduced by [23] Refine the process of analyzing the agricultural input and suggest correct methods of machine learning are built on properties of dataset. The training data's representativeness and diversity significantly influenced the outcome of the approach, although the meta-learning method's superior analytical efficiency. Additionally, hybrid deep learning techniques have improved agricultural models' ability to analyze. [24] suggested hybrid CNN-DNN and CNN-XGBoost models to predict crop yield and showed excellent results in predicting non-linear dependencies between climatic and soil variables. Although more accurate, the models were very resource-intensive in their computations and had been tested only on small crops and could not be used directly on real-time crop recommendation systems. Lastly, [24] developed recommendations for crops and fertilizers using a system based on machine learning that enhance crop selection and nutrient release. The system had great precision given the use of soil nutrient and climate data; but lack of ensemble or hybrid learning reduced robustness, and validation was done on comparatively small datasets.

Although spatial, ensemble, and hybrid analytical methods have demonstrated better predictive accuracy, the majority of the literature is still task-based, and i.e. it seeks to forecast a particular crop's production or land suitability. As opposed to providing a comprehensive crop recommendation. Furthermore, there are constraints of regional dependency, subjective weighting, computational overhead and absence of unified hybrid architectures that are still present. The existence of such gaps highlights the importance of powerful hybrid machine learning systems capable of accommodating different sources of data, making cross-agro-climatic region generalizations, and enabling realistic crop advice in precision agriculture.
IV. SYSTEMATIC EVALUATION OF CONTEMPORARY ALGORITHMIC ADVANCEMENTS AND MULTI-SOURCE INTEGRATION
The literature of 2020-2025 has shifted after the foundational benchmarking period to maximising the accuracy of recommendations using the state-of-the-art feature engineering, real time sensing integration, and high-performance boosting architectures. This part describes ten current studies on this topic that outlines their objectives, methodology, and limitations and directly corresponds to the shift towards hybrid ensemble frameworks.
A. Advanced Algorithmic Benchmarking and Feature Engineering
[26] Was designed to bridge the gap between neural-based and conventional models.They used a comparative study of seven ML algorithms to a custom Artificial Neural Network (ANN) architecture (30–20–10 neurons). Despite employing Random Forest to achieve 99.5% accuracy, the study results supported the fact that ANN is more scalable to different soil conditions. Nonetheless, the major disadvantage was that the neural network had a high computational cost at the stage of training. 
[27] Was committed to using soil nutrient and weather data to precisely predict the appropriate crops using random forest through a bagging-based methodology, they were able to obtain constant results with different Nitrogen concentrations. This paper found out that RF is very resistant to noise of data, however, it did not provide enough accuracy to suggest crops that have similar biological needs like some varieties of legumes or certain types of cereals. Naive Bayes was created by [28] to optimize crop choice in precision agriculture. They focused on probabilistic reasoning as part of their methodology to deal with uncertainty in weather forecasts. Although the outcomes were high in localised locations, the research recognised that there was no interpretability of the model's decision-making procedure to end users who are not technical.
B. Integration of Real-Time Sensing and Multi-Source Data
A real-time recommendation system with the IoT sensors was proposed by [29]. They used soil sensor streams (moisture, pH, N-P-K) as their methodology and captured the ML algorithms to give real-time information on the field level. The system was also identified to have more than 98 percent accuracy in real-time prediction but the weakness mentioned was the cost involved in deploying the sensors and the fact that it depended on constant internet connection to process information in the clouds. 
[30] Concentrated on a "Smart Crop Recommender" based on multi-source data such as past yields and NASA meteorological data. They used a comparative approach as their methodology between standalone and ensemble learners. The findings proved that the inclusion of worldwide weather information enhanced resilience in predictions greatly. A large weakness was the time gap between the satellite information and the local field facts.
A study conducted by [31] aimed at examining the efficacy of inefficient crop forecasting using a dataset of 22 crop varieties. They used a large amount of data preprocessing to eliminate anomalies. Although they obtained an accuracy rate of 99.22%, the study found that data imbalance was the most crucial bottleneck with the model predicting to give preference to high-frequency agricultural products instead of minor varieties. 
C. Hybridization and Ensemble Optimization
The objective of [32] was to come up with high precision crop suggestion system with an ensemble of single classifiers. Their approach involved the use of a layered architecture to integrate the power of SVM and KNN. The major findings were an excellent 93.1% accuracy, which beats individual contributing models. The weakness of the study, however, was that the hyperparameter tuning was not done automatically and thus, had to be done manually to ensure that the accuracy is retained in the different soils. 
[33] Was dedicated to the improvement of recommendation systems with Explainable AI (XAI). Their approach combined SHAP (SHapley Additive exPlanations) and supervised ML models to have a transparent picture of the significance of features. Although this enhanced the confidence of the agronomists, the research found that the sophisticated nature of the XAI layer might intimidate an individual farmer, unless he or she has an over-simplified interface [33-36]. 
Recent studies also confirm the usefulness of ensembles machine learning techniques use in crop recommendation. Research work like [38], [39] and [41] revealed that classical ML models can be effective in using soil and climatic parameters but fail to generalize across regions. Mixed and combination approaches in [35] and [39] enhanced stability in predictions and feasibility to deploy.
The proposals of [42] and [43], which used cloud-enabled and IoT-enabled systems, demonstrated the potential to offer real recommendations but made reference to the lack of infrastructure and its cost. The fact that multi-parameter inputs can be used to increase model robustness was proven by large-scale tests in [44], [46], and [48]. Spatial decision modeling in [46] was able to show better land suitability mapping. The recent reviews [49] and [50] all indicated that hybrid and ensemble models are found to be superior to standalone learners.
	Sr.No
	Algorithm 
	Papers (Ref No.)
	Accuracy 
	Remarks

	
1
	Random Forest (RF)
	[27], [31], [39], [48], [10], [36]
	90% – 97%
	Most widely used, stable performance

	
2
	ANN / Deep Learning
	[6], [24], [34], [5]
	88% – 96%
	Good for complex patterns

	
3
	SVM
	[3], [37], [38]
	85% – 93%
	Effective for classification

	
4
	Decision Tree (DT)
	[4], [9]
	80% – 90%
	Simple but lower accuracy

	
5
	Gradient Boosting / XGBoost
	[18], [15]
	92% – 98%
	High accuracy, fast

	
6
	Ensemble Learning
	[10], [17], [36], [40], [22]
	93% – 98%
	Best overall performance

	
7
	Naive Bayes
	[28]
	78% – 88%
	Simple but less accurate

	
8
	Regression Models
	[13], [45], [48], [39]
	R²: 0.85 – 0.95
	Used for yield prediction

	9
	IoT + ML
	[3], [14], [29], [43], [34]
	88% – 95%
	Real-time systems

	
10
	GIS + ML
	[19], [21], [47], [22]
	85% – 92%
	Land suitability analysis

	
11
	Cloud + ML
	[1], [12], [42]
	90% – 96%
	Scalable systems

	
12
	Explainable AI (XAI)
	[11], [33]
	90% – 97%
	Adds interpretability

	
13
	General ML Models
	[2], [8], [25], [30], [32], [41], [44], [46], [49]
	85% – 94%
	Mixed algorithms



Table 1. Algorithm-Based Classification with Performance Accuracy
	
Sr.No
	
Dataset Category
	
Paper References

	1
	Soil Dataset
	[8], [11], [16], [27], [28], [31], [46]

	2
	Soil + Climate Dataset
	[2], [6], [9], [10], [12], [42]

	3
	Crop Yield Dataset
	[4], [17], [18], [24], [39], [45]

	4
	IoT Sensor Dataset
	[3], [14], [29], [34], [44]

	5
	Multi-Source Dataset
	[1], [7], [13], [25], [36], [43], [48]

	6
	GIS / Land Dataset
	[19], [20], [21], [22], [47]

	7
	Climate Dataset
	[35]

	8
	Hybrid 
	[15], [23], [30], [32], [33], [37], [38], [40], [41], [49]

	9
	Multi-Source Dataset
	[5], [26], [50]



Fig 2. Classification of Papers Based on Dataset Used
                    


V.FINDINGS AND FUTURE SCOPE
Crop recommendation systems using machine learning assist farmers select the best crop which increases productivity. In fact, the majority of studies uses soil and climate data in order to provide good accurate results. But most systems have a narrow dataset and not look at near real-time conditions. Many advanced models are expensive and cumbersome for smallholders to work with. Future work can focus on combining real-time data from IoT sensors to make crop recommendations more accurate. Machine learning techniques can be used to improve prediction performance.

VI. CONCLUSION
This review has explored the creation of detailed system utilizing machine learning techniques, involves examining a move away from conventional rule-based systems and toward more complex hybrid and ensemble learning frameworks. According to the analysis, stand-alone ML models including Random Forest, Naive Bayes, and gradient boosting methods have high predictive power, but they are limited by problems of data imbalance, overfitting, impaired generalization, and geographical dependence. The nature of agricultural datasets is that they are heterogeneous, noisy as well as highly interdependent, and thus cannot be successfully used individually to make sound decisions.
Hybrid and ensemble learning models have proven as the potential solutions to such predicaments by harnessing the synergistic power of various algorithms. The studies reviewed all show that hybrid models attain better accuracy, stability and resilience in different agro-climatic conditions. Moreover, information from several sources, including satellite images and Internet of Things streams Also geospatial layers, can contribute to the performance and contextual awareness of the models significantly. Nonetheless, their application is still limited by computational cost, reliance on infrastructure, low interpretability, and high cost of implementation, especially in low-resource farming settings.
The review also revealed important research gaps, such as the lack of Standardized benchmarking datasets, lack of cross-regional validation, and lack of focus on the system design that is responsive to farmers needs. Even though recent developments in explainable AI remain more transparent, simplified interpretations and easy-to-use interfaces are also necessary to adopt it in the real world.
Future studies must be aimed at coming with scalable hybrid structures with automated hyperparameter optimization, lightweight models to deploy edges, and standardized evaluation guidelines. Moreover, the relevance of decisions can be increased even more, by including the socio-economic variables, the crop market trends, and the sustainability indicators. On the whole, the research presents a solid platform towards the creation of sophisticated crop recommendation systems and highlights must include hybrid machine learning models in creating reliable, interpretable, and practical agricultural decision-support system.
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