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 Farmers today encounter more challenges when selecting appropriate variety 

of crops depending on their farm soil nutrients and climate. This research 

will assist farmers in choosing suitable mixed-crops depending on the 

individual farms soil and climate conditions in Andhra Pradesh, India. Using 

the dataset sourced from Indian Institute of Soil Science (IISS), Bhopal with 

2,552 entries. Previous studies focused on only single-crop 

recommendations. This work proposes a novel hybrid mixed-crop 

recommendation system (CRS) that incorporates several machine learning 

(ML) techniques comprise of random forest-ExtraTrees (RF-ExtraTrees), 

decision tree-C4.5 (DT-C4.5), extreme gradient boosting-gradient boosting 

(XGBoost-GBoost), quadratic discriminant analysis-linear discriminant 

analysis (QDA-LDA), and support vector machine-stochastic gradient 

descent (SVM-SGD) were utilized to recommend mixed-crops. To enhance 

the reliability of the training process, 20% of the dataset was held in reserve 

for validation to analyze model performance. The result of the proposed 

work shows that all the hybrid ML models applied were viable, and RF-

ExtraTrees has achieved 95.91% best accuracy, 95.08% precision, and 

95.91% recall, when contrasted to the other ML models. 
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1. INTRODUCTION 

Agriculture is one of the most imperative areas globally, and is a major contributor to the Indian 

economy, supporting livings and assuring food security by contributing 10% gross domestic product (GDP) 

worldwide and 17-20% GDP in India. With the rising challenges such as soil abasement, climate 

inconsistency, and growing demand for sustainable food production, intelligent decision-support systems 

have now become vital in present agriculture. In present-days machine learning (ML) techniques have stood 

commonly implemented for crop recommendation systems (CRS); however, most current systems are limited 

to recommend single-crop. Such approaches fail to replicate real-world farming practices, where  

mixed-cropping is regularly employed to enhance land-use efficacy, optimize resource utilization, decrease 

risks of production, and sustain long-term soil fertility. To address these hindrances, there is a demanding 

need for intelligent ML framework that can recommend suitable mixed-cropping using comprehensive soil 

and climatic data. Such a model can help farmers achieve increased productivity and resilience in changing 

and friendly, encourage sustainable farming methods, and increase precision agriculture decision-making [1]. 

An innovative CRS is proposed in this study to support farmers select the best crops for their individual 
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farms. Shawon et al. [2] proposed soil nutrient analysis and a model for recommending crops using numerous 

types of ML techniques. This method addresses issues in traditional farming [3]. Precision agriculture is still 

in its primary periods and while it has resulted in more input that is efficient, yield, and better agricultural 

decision making, there are still many difficulties to address. Several models offer inputs for different 

agricultural fields of study, and crop recommendations is an important aspect of precision agriculture [4]. 

This model is tested and trained on datasets collected from various regions and assessed using common 

performance, comprising precision, accuracy, recall, F1-score, and confusion matrix [5]. This study employs 

a random forest (RF) ML model trained on a custom soil nutrient dataset containing diverse attributes, such 

as nitrogen, phosphorus, rainfall, temperature, sulphur, iron, pH, and zinc. 

Despite technological advances, around 25% of worldwide crop yield is lost due to unproductive 

single-cropping arrangement practices (World Bank, 2023). A lot of studies from India expose those  

farmers using traditional recommendation systems face lower returns and greater pest vulnerability. These 

challenges emphasize the need for intelligent mixed-CRS that can adapt to local conditions and promote 

sustainable agriculture. 

As a solution, we propose to develop a novel mixed-CRS using hybrid ML model trained on dataset 

acquired from Indian Institute of Soil Science (IISS) containing multiple variables such as nitrogen, 

phosphorus, potassium, temperature, humidity, pH value, and rainfall. The hybrid ML models will support 

farmers in choosing the best suitable variety of crops to be cultivated based on their farm soil nutrients and 

climate condition. To achieve this, we used hybrid ML algorithms. Major contribution to this work includes: 

i) A novel hybrid mixed-CRS that will accurately suggest the best suited variety of crops based on the soil 

and climate condition of Andhra Pradesh District. 

ii) Enhancing the number of crops and the dimension of the dataset. 

iii) Accurate prediction of crops according the soil and climate using hybrid ML technique. 

 

 

2. LITERATURE REVIEW 

This part offers an in-depth review of existing research on crops recommendation systems. Several 

research articles provide significant contributions [6]. This article focuses on collecting soil-related 

information from farmers to provide accurate crop recommendations. It compares ML methods RF,  

extreme gradient boosting (XGBoost), and decision tree (DT) with RF achieving the highest accuracy among 

them [7]. This study collects soil data using various kinds of sensors, which is then sent to a mobile 

application that makes crop recommendations based on the parameters of the soil. Using a custom soil 

nutrients dataset, RF model was utilized [8]. This work presents a novel CRS that collects significant soil and 

environmental data from farmland using sensors. The model guarantees effective, real-time data transfer by 

utilizing the internet of things (IoT) and the message queuing telemetry transport (MQTT) protocol [9]. This 

work introduces a smart CRS that gathers and transmit data in real-time using sensors IoT and ML models 

provide precise and dynamic crop recommendations [10]. The authors created a neural network (NN) model 

that analyzes the data and provide agriculturalists with the accurate information to make informed crop 

selections [11]. This article demonstrates how to use IoT and AI technologies to enhance agricultural 

operations by recommending suitable crops based on real-time sensor data using image processing to predict 

possible diseases [12]. The researchers applied a regional dataset and ML techniques like support vector 

machine (SVM), RF, artificial neural network (ANN), and k-nearest neighbors (KNN) to predict appropriate 

crops [13]. In this research, the RF method was employed to develop a CRS. Model was able to train on a 

huge amount of data [14]. 

In this article a convolution neural network (CNN) model was created utilizing images to diagnose 

deficiencies in plant leaves. In order to process plant leaf images and precisely suggest the right nutrients to 

be given in order to overcome the deficiency, the study employs a ResNet-50 deep convolution neural 

network (DCC) [15]. The paper utilized decision-making process was based on ML techniques, and the full 

prototype was created with an STM32 ARM processor and Nucleo board to collect soil data. The result was 

shown on the LCD display and in the Blynk app [16]. The researchers developed ML that can recommend 

suitable crop and fertilizer utilizing diverse ML application algorithms [17]. The paper examines the 

changing landscape of crop suggestion systems and demonstrates the use of ML algorithms and data 

analytics to improve crop selection based on environmental and historical data [18]. The authors developed a 

multi-class classification model using IoT data. The data consists mostly of environmental variables such as 

nitrogen, phosphorus, potassium (NPK) levels, temperature, humidity. The proposed model, a hybrid of long 

short-term memory (LSTM) and time series-(transmission system operator security cooperation network 

services (TSCNET)), the model recommends crops based on location and time-space date [19]. The 

researchers implemented a system to help farmers combine their current farming practices with cutting-edge 

technologies such as deep learning (DL), ML, and remote sensing, using an open technology stack consisting 

of Angular for the frontend, Flask for the backend, and MySQL and Google Earth database [20]. Presents a 
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crop yield recommendation system based on a precise comparison of various ML regression models, 

demonstrating an overall performance enhances with of 3.6% [21].  

The authors used DL techniques and analyzed the agricultural metrics tracked by the IoT and fed 

them into the DL algorithm [22]. The article employed ML techniques like DT, RF, and light gradient 

boosting machine (LGBM) to choose crops, and LGBM outperformed the other two techniques [23]. In this 

work, a soil nutrient prediction system is built that predicts NPK levels and recommends which crop to be 

cultivate. The Boruta regression model has the accuracy of 91% [24]. The proposes fertilizer 

recommendation system uses ML with real-time soil data comprise of nitrogen, phosphorus, potassium, pH, 

temperature, humidity, moisture, and rainfall captured an image-based soil fertility mapping system. ML 

algorithms were applied, with a sequential CNN model achieving 91% accuracy. Similarly, in [25]. 

Compared DT, KNN, and RF algorithms in a crop recommendation model. Table 1 demonstrate the summary 

of recent studies on CRSs, highlighting datasets used, applied techniques, performance attained and their key 

limitations. The research gaps of this study are: 

‒ Existing studies for crop recommendation have inadequate scope. These studies have repeatedly 

focused completely on recommending single crop. 

‒ There is need to develop mixed-CRS. 

‒ The existing works focus on recommending a few varieties of crops. 

‒ There is need to develop a hybrid ML model for improved accuracy. 

 

 

Table 1. Comparison among the current studies on CRS 
Reference Dataset Techniques used Limitations Performance 

[1] Kaggle dataset ML and DL 22 crops are considered TCN achieved 93% 

[26] Indian agriculture 

dataset 

ML and IoT 18 different variety of 

crops 

Voting base ensemble with the accuracy 

of 93.91% 
[2] Kaggle dataset ML 22 crops are considered RF and DT attained the highest accuracy 

of 90.7% 

[16] Indian Chamber for 
Food and Agriculture 

ML and NN 10 crops various crops 
are utilized 

Adaptive neuro-fuzzy inference system 
(ANFIS) achieved 93.10% accuracy 

[3] Kaggle dataset ML 22 crops are considered RF outperformed with 92.09% 

[6] Dataset of Uttara 

Kannada 

ML 20 different variety of 

crops 

RF achieved highest accuracy of 90% 

[7] IoT sensor dataset ML 12 unique crops have 

been utilized 

Hybrid model RF+CNN achieved 

89.23% accuracy 
[9] Dataset from 

Northern Bengal 

ML and IoT 9 different variety crops KNN achieved 91.97% accuracy 

[15] IoT sensor dataset ML and IoT 6 crops are considered DT outperformed with 87.98% accuracy 
[19] Kaggle dataset DL and ML 22 crops are considered DL model attains 90% accuracy and ML 

model achieved 93% accuracy 

 

 

3. METHOD 

The important aim of our research is to develop a novel mixed-CRS for Andhra Pradesh soil and 

climate conditions capable of producing extremely accurate results using hybrid ML models and carefully 

obtained dataset from IISS, Bhopal. The recommended approach uses hybrid ML algorithms for mixed-crop 

recommendation. These models incorporate robust features and implement a recommendation system 

employing cutting-edge ML techniques such as RF-ExtraTrees, DT-C4.5, XGBoost-gradient boosting 

(GBoost), quadratic discriminant analysis-linear discriminant analysis (QDA-LDA), and SVM-stochastic 

gradient descent (SGD) for suitable mixed-crop recommendation. Algorithm 1 presents mixed-CRS, a hybrid 

ensemble framework that processes regional soil datasets through preprocessing, trains five classifier 

combinations (RF+ExtraTrees, DT+C4.5, XGBoost+GBoost, QDA+LDA, SVM+SGD), evaluates performance 

metrics, and recommends optimal mixed-crops. Figure 1 show the complete structure of the proposed model 

framework, illustrating the sequential flow and interconnection of all the major modules of the study. 

 

Algorithm 1. Mixed-CRS 

Step 1: Collect the dataset 

 (Regional dataset) 

Step 2: Perform data-preprocessing 

 (Replacing missing values, data cleaning, feature selection, and engineering) 

Step 3: Model training and testing 

 (Divide the data into 80% for training and 20% for testing) 
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Step 4: Building hybrid models 

 (RF+ExtraTrees, DT+C4.5, XGBoost+GBoost, QDA+LDA, SVM+SGD) 

Step 5: Model performance evaluation 

 (Accuracy, precision, recall, confusion matrix) 

Step 6: Recommended mixed-crops 

 

 

 
 

Figure 1. Proposed model architecture 

 

 

3.1.  Machine learning 

It is a branch of computer science that leverages statistical methods and algorithms to allow 

computers to detect patterns, make informed decisions, or generate predictions from input data. 

i) RF classifier: builds several DTs while the training phase integrates their outputs using the most vote 

for classification tasks or averaging for regression activities to make more accurate and robust 

predictions. Let ℎ1(𝑥), ℎ2(𝑥), … , ℎ𝑇(𝑥), be the predictions of 𝑇 individual DTs in the forest for input 𝑥.  

Then the RF predictions as in (1).  

 
ӯ = 𝑚𝑜𝑑𝑒{ℎ1(𝑥), ℎ2(𝑥), … , ℎ𝑇(𝑥)} (1) 

 
ii) ExtraTrees classifier: builds many unpruned DTs using the full training dataset. Unlike traditional DTs 

or RF, it introduces additional randomness by selecting split thresholds randomly instead of choosing 

the optimal split, enhancing diversity among trees and reducing overfitting. The mathematical equation 

is given in (2). 

 

ӯ(𝑥) =
1

𝑀
∑ ℎ𝑚(𝑥)

𝑀

𝑚=1
  (2) 

 
iii) DT classifier: it can be used for classification and regression problems. The predictions are made by 

traversing from the root node through decision rules to a final leaf node, which symbolizes decisions 

and their results in a classified, tree-structure. The mathematical equation is given in (3). 

 
𝐸𝑛𝑡𝑟𝑜𝑝𝑦 = ∑ − 𝑝𝑖 ∗ 𝑙𝑜𝑔2(𝑝𝑖)𝑐

𝑖=1

𝐺𝑖𝑛𝑖 = 1 − ∑ (𝑝𝑖)2𝑐
𝑖=1

 (3) 

 
iv) C4.5 classifier: builds a DT by selecting features that yield the maximum normalized information 

obtained, which is expressed as the entropy variance at each decision point. It can handle both 

continuous and categorical variables, efficiently handles missing data, and once constructed, has a 
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pruning mechanism to make the tree simpler and less prone to overfitting. The mathematical equation is 

given in (4). 

 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆) = − ∑ 𝑝𝑖 𝑙𝑜𝑔2(𝑝𝑖)𝑐
𝑖=1  (4) 

 
v) XGBoost classifier: is an ensemble leaning method using GBoost that repeatedly reduces the errors 

made by earlier models while combining the output of various weak learners, usually DTs to make a 

strong predictive model. The mathematical equation is given in (5). 

 

Obj = ∑ 𝑙(𝑦𝑖 , ӯ𝑖) + 𝑛
𝑖=1 ∑ Ω(𝑓𝑘)𝑘

𝑘=1   (5) 

 
vi) GBoost classifier: is a method that repeatedly integrates several weak learners, typically decision, to 

create a robust predictive model. Gradient descent is used to lessen a particular loss in each iteration as 

a new model is trained to predict the residual errors of the previously model. The mathematical equation 

is given in (6). 

 

function. 𝐹𝑚(𝑥) = ∑ 𝑌𝑚ℎ𝑚(𝑥)
𝑀

𝑚=1
 (6) 

 
vii) QDA: is a probabilistic classification method which generates a nonlinear, quadratic decision boundary 

by representing for each class feature distribution using a multivariate Gaussian distribution with a 

different covariance matrix. The mathematical equation is given in (7). 

 

𝛿𝑘(𝑥) = −
1

2
log |∑𝑘| −

1

2
 (𝑥 − µ𝑘)𝑇 ∑ (𝑋 − µ𝑘) + 𝑙𝑜𝑔𝜋𝑘−1

𝑘   (7) 

 
viii) LDA: is a probabilistic classification technique that makes an assumption that every class has a 

common covariance matrix and a multivariate Gaussian distribution. As a result of this, classes are 

successfully divided based on their mean variances using linear decision boundaries. The mathematical 

equation is given in (8). 

 

𝛿𝑘(𝑥) = 𝑥𝑇 ∑ 𝜇𝑘 − 
1

2

−1  𝜇𝑇/𝑘 ∑ µ𝑘 + 𝑙𝑜𝑔𝜋𝑘−1   (8) 

 
ix) SVM: is an algorithm that classifies the optimal hyperplane to distinct data points of diverse classes by 

maximizing the margin between the closest points, known as support vectors, ensuring the most distinct 

boundary for classification. The mathematical equation is given in (9). 

 
Subject to: 𝑚𝑖𝑛/(𝑤, 𝑏)    1/2  |(|𝑊|)| 〖^2〗  (9) 

 
𝑦𝑖(w𝑛𝑥𝑖 + 𝑏) ≥ 1 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑖  

 
x) SGD: is an iterative optimization approach that updates model features using the gradient of the loss 

function calculated from one training example (or a mini-batch) at a time, allowing for faster and more 

scalable learning on large datasets. The mathematical equation is given in (10). 

 
𝜃 ∶= 𝜃 − ղ . 𝛻𝜃𝐿(𝜃; 𝑥𝑖, 𝑦𝑖)  (10) 

 
The datasets have been collected from IISS, Bhopal. The dataset includes soil and climate 

parameters consist of nitrogen, phosphorus, potassium, K, temperature, humidity, pH, and rainfall. Then, we 

consult and work together with soil scientist expert and analyze the soil and climate characteristics. Based on 

this analysis we perform feature engineering, and determine which crops can be cultivated together under the 

same farmland conditions. Figure 2 illustrate the spatial distribution of main towns in the Andhra Pradesh 

region from which soil and climatic samples were obtained and used in this work. 

The dataset samples were composed from all the major towns in Andhra Pradesh, India with  

36 diverse crops and 2,552 data entries. The study also considered the aggregation of all agricultural seasons. 

Figure 3 show the sample of dataset that were employed in this study for the development of models and 

analysis, indicating key features such as soil nutrient and environmental. 

 



Int J Artif Intell  ISSN: 2252-8938  

 

A hybrid machine learning model for optimized mixed-crop recommendation (Ahmed Mohammed Gimba) 

2319 

 
 

Figure 2. Study region from which soil and climate were obtained, i.e., Andhra Pradesh 
 

 

 
 

Figure 3. Sample of soil and climate dataset 
 

 

3.2.  Data pre-processing 

This is one of the most significant phases in ML since the accuracy and performance of the ML 

model are dependent on the quality of the data that we keep [13]. In data pre-processing, we convert the 

collected data so that we may use it for analysis. Data pre-processing consists of selecting some important 

features, fixing missing data values, removing duplicates, overfitting and underfitting, dealing with outliers, 

and feature engineering. Feature selection the process of selecting or choosing the significant input 

parameters from the dataset that contribute the most to the prediction output of a ML model. 

‒ Handling missing values: this stage deals with data entries where some information is missing, like 

empty cells in the dataset. 

‒ Normalization: is a technique that used to transform the values of numeric features so they all have a 

similar range of distribution. This method helps ML models train faster and more accurate. 

‒ Feature engineering: the process of producing, transforming, or selecting features to make a ML model 

more accurate and effective. 
 

3.3.  Model training and testing 

The dataset is fragmented into training and testing batches, which enhances memory efficiency and 

accuracy. A validation set continuously analyzes the model’s performance to shun overfitting and selects the 

optimal model based on the validation parameters. After training is completed, we tested on a different test 

set to see how well it generalizes to new data. 
 

3.4.  Model performance evaluation 

The model assessment refers to the method in ML during which performance of a model is 

analytically assess and evaluated. The purpose is to find out how good the prediction quality of the model is 

and how well. Each mixed-crop recommendation model's accuracy, precision, and recall score were 

thoroughly assessed as define in (11) to (13). 
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‒ Accuracy: a simple technique to assess accuracy is to look at how frequently the classifier predicts 

accurately. The ratio of the total of precisely predicted outcomes to all of the model's predictions can be 

utilized to calculate accuracy. 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
 𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+ 𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
  (11) 

 

‒ Precision: describes as the ratio of true positives to the sum of true positives and false positives, which 

shows the positive predictions accuracy. 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+ 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
  (12) 

 

‒ Recall: is the ratio of true positives to the sum of true positives and false negatives, which specifies how 

successfully the model classifies all appropriate events. 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
 𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

 𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
  (13) 

 

‒ Confusion matrix: is a performance assessment tool that illustrate the accuracy of a classification model. 

In order to assess model performance, recognize misclassifications, and improve overall prediction 

accuracy, it indicates the sum of true positives, true negatives, false positive, and false negatives. The 

mathematical equation is given in (5). 

 

𝐶𝑀 = [
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
]  (14) 

 

 

4. RESULTS AND DISCUSSION 

The results of the proposed hybrid mixed-crop recommendations attained using RF-ExtraTrees,  

DT-C4.5, XGBoost-GBoost, QDA-LDA, and SVM-SGD models show that the proposed RF-ExtraTrees 

outperforms the others with 95.91% accuracy. The hybrid ML models were compared using several 

performance metrics. The proposed hybrid model offers tailored mixed-crop recommendations by analyzing 

the unique soil and climatic conditions of each farmer’s farmland, enabling the cultivation of various and 

suitable mixed-crop. This has the possibility to significantly increase farm production and increase the 

economic returns for farmers. Table 2 demonstrate the performance comparison of the ML models using 

accuracy, precision, and recall. It can be experimentally shown that the hybrid RF-ExtraTrees model attain 

the peak accuracy, indicating its predictive capability and robustness for mixed-crop recommendation task. In 

the same sequence, Figure 4 demonstrates the RF-ExtraTrees model achieving the peak accuracy, precision, 

and recall among all ML models, demonstrating its superior performance for mixed-crop recommendation 

and Figure 5 shows the confusion matrix of the same RF-ExtraTrees hybrid model, proving the distribution 

of accurate and inaccurate classified mixed-crop instances. 
 

 

Table 2. Hybrid mixed-crop recommendation performance metrics 
Hybrid models Accuracy (%) Precision (%) Recall (%) 

RF-ExtraTrees 0.95.91 0.95.08 0.95.91 
DT-C4.5 0.91.59 0.91.72 0.91.59 

XGBoost-GBoost 0.94.13 0.94.25 0.94.13 

QDA-LDA 0.83.17 0.83.73 0.83.17 
SVM-SGD 0.88.45 0.88.97 0.88.45 

 

 

Table 3 present the performance comparison of various existing models, highlighting their 

respective accuracy levels, is provided. Figure 6 shows the detailed assessment of the hybrid RF-ExtraTrees 

model, which outperformed all other relevant studies by achieving the highest performance. The proposed 

methods results are shown against several significant existing studies, as illustrated in Table 3 and Figure 6. 

This research work introduced an innovative hybrid ML technique, including RF-ExtraTrees, DT-C4.5, 

XGBoost-GBoost, QDA-LDA, and SVM-SGD, to the collected dataset. The model’s performance has been 

evaluated using metrics consisting of accuracy, precision, and recall. Based on the results, the proposed 

hybrid approach performs more effectively than the existing models, by attaining an astounding accuracy  

of 95.91.%. 
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Figure 4. Hybrid mixed-crop recommendation bar chart 

 

 

 
 

Figure 5. Hybrid mixed-crop recommendation confusion matrix of RF-ExtraTrees 

 

 

Table 3. Accuracy for all present models and the proposed model 
Models Performance (%) 

TCN 93 

Voting base ensemble 93.91 

RF+DT 90.70 
ANFIS 93.10 

RF 92.09 

RF 90 
RF+CNN 89.23 

DT 87.98 

Proposed RF+ ExtraTrees 95.91 
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Figure 6. Performance comparison between the existing models and proposed model 

 

 
Considering their demonstrated efficacy in agricultural datasets, RF and ExtraTrees and combined into 

hybrid model. Complex patterns in soil and climate features can be captured by RF because of its capability to 

handle high-dimensional data efficiently, provide feature importance, and be robust to noise. ExtraTrees, on the 

hand, works well and is ideal for fine-tuning decision boundaries in mixed-crop classification. Their 

combination ensures improved generalization and prediction accuracy, as supported by [13], [22], who 

demonstrated similar benefits in agri-intelligence applications. 

This work discusses the importance of hybrid ML models for mixed-crop recommendation in 

modern agriculture, which is intended to enhance output in farming and minimize resource waste  

through intelligent agricultural decision-making. The time required to develop and evaluate each 

classification algorithm is also presented, along with findings from experiments illustrating the accuracy, 

precision, and recall of data analysis techniques. This experiment used various kinds of hybrid ML 

algorithms for evaluating mixed crops based on common features. The results were useful because they 

provided recommendations for situations where certain crop varieties are unknown or difficult to identify. 

The findings of our study proved that when assessing agricultural datasets, ML algorithms' accuracy is 

significantly improved by effective feature selection. RF-ExtraTrees generated the highest accuracy of 

95.91% for mixed-crop recommendation using the soil and climate features dataset. This study provides a lot 

of insight on potential benefits of these technologies in modern agriculture, and further research and 

advancement in this field may improve mixed-crop recommendation, reduce resource waste, and improve 

global food security. 

 

 
5. CONCLUSION 

The proposed mixed-crop recommendation using hybrid ML algorithms has proved promising 

results in precision agriculture decision-making. By employing various soil and climate features evaluated. 

The application of hybrid ML algorithms, RF-ExtraTrees with 95.91% accuracy proved effective in 

recommending suitable mixed-crop. The future work can include various technique to it by incorporating IoT 

for taking real-time soil and climate data and employing explainable artificial intelligence (XAI) for farmers 

detail and proper explanation about the recommended crops. 
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