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ABSTRACT  

Agriculture plays a pivotal role in country economy growth as it is major resource of food, employment and raw 

materials. Crop recommendations play an essential role in precision agriculture to predict the most appropriate crops. 

However, numerous factors such as soil characteristics, climate conditions, make it difficult to accurately predicting 

suitable crop. In this paper, Polynomial REgressive Momentum Optimized Discriminative AI (PREMOD-AI) model 

is introduced for accurately predicting crop. During acquisition phase, data samples are collected. Hierarchical 

Discriminative AI model includes three kinds of layers such as input layer, three hidden layers and output layer. First, 

collected data are given to input layer. Subsequently, data preprocessing is performedin hidden layer 1. Dimensionality 

reduction process is completed at hidden layer 2 by applying Hockey-stick indexed regression to determine most 

relevant features. Classificationis performed using Chatterjee correlation coefficients in hidden layer 3. The fine tuning 

process is employed to minimize error using horse herd optimization method. Finally, accurate croppredictions are 

obtainedat output layer. Experimentis conducted with accuracy, precision, recall, F-score, RMSE, MCC, R2score and 

crop recommendation time. The result of PREMOD-AI model demonstrates an improvement in accuracy by 95%, 

precision by 95%, and F-score by 96%, along with a 97% increase in recall. In addition, it reduces crop 

recommendation time by 76ms, RMSE by 0.053, MCC by 0.91 and R2score by 0.92 when compared to traditional 

deep learning approaches. 

 

KEYWORDS: crop recommendation, Hierarchical Discriminative AI, data preprocessing, Dimensionality reduction, 
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1. INTRODUCTION  

Precision agriculture is playing a more crucial role for ensuring both sustainabilityand competitiveness in the 

agricultural domain. Crop recommendation for a specific region is a major challenge due to a numerous 

factorsincluding rapid urbanization, climate change (e.g., temperature, humidity, rainfall) soil chemistry (e.g., 

nitrogen, phosphorus, potassium, pH). By considering this soil composition, climate conditions, and environmental 

variables, farmers make decisions about which crops are most likely to be successful in specific agricultural land. The 

crop recommendation process not only helps in crops selection and also improves the overall productivity and 

minimizes resource wastage. Machine learning and advanced AI techniques   have become dominant techniques for 

more precise crop prediction in agricultural sector.   

An Improved Deep Belief Networks (IDBN) was developed in [1] for crop recommendation based on soil features, 

chemical soil features, climate and crop features. The Ranger Optimization was employed for selecting optimal 

features. But, the designed IDBNdid notconsidering short term crops and vegetables to enhance the precision of 

recommendation. A Gorilla Troops Optimization–based Deep Learning model for crop recommendation and yield 

prediction (GTODL-CRYPM) was developed in [2] aimed to enhance the prediction accuracy while minimizing the 

loss. However, the model exhibits high computational complexity, particularly when processing large-scale datasets, 

which limits its efficiency and scalability. 

A lightweight exponential-weighted ensemble framework was designed in [3] that integrate numerous base classifiers 

to achieve better accuracy and reduce computational overhead.  However, the framework did not effectively handle 

missing values and noisy measurements.A novel TabNet, a deep learning architecture was developed in [4] for unified 

smart crop recommendation by directly extracting the important patterns from preprocessed IoT-enabled agricultural 

data. An efficient optimization model was not applied to enhance the smart crop recommendation by reducing the 

misclassifications. Machine learning classification algorithms were designed in [5] for efficient Crop 

Recommendation by measuring the dependencies between the data.  However, the algorithm did not implement an 

explainable AI model to enhance performance, particularly when handling large datasets. A new ensemble learning 

mailto:anjananikhilchand@gmail.com
mailto:vanitha.krishnan@kahedu.edu.in


Genetics and Molecular Research 25 (14s): 2026               2 

approach called random forest (RF) and extreme gradient boosting (XGB) were developed in [6] to recommend the 

best crop among the multiple crops. However, deep learning and machine learning models were not developed for 

predicting the crop yields to estimate the benefits of selecting a particular crop. Different machine learning (ML), and 

deep learning (DL) models were developed in [7] with the aim of recommending the crop based on structured tabular 

data. However, the model did not efficiently tackle the issue of computational complexity. 

Explainable Artificial Intelligence (XAI) enabled Crop Recommendation system was developed in [8] by considering 

the various features on crop prediction. However, the smart farming systems did not adopt the user-centric approach 

to explain reasoning behind AI recommendations.An ensemble machine learning framework was developed in [9] by 

integrating entropy-based uncertainty quantification depends on agro-climatic features. Howeverthe models limited 

their applicability across different agricultural contexts. A tiny machine learning (TinyML) model was introduced in 

[10] for crop recommendation system based on statistical analysis to identify the most relevant features. However,error 

handling capabilities of the classifier model were not enhanced.   

A Machine Learning framework’s was developed in [11] for accurate crop selection and fertilizer recommendation 

based on specific agricultural conditions. However, the approach did not enhance the recommendations for accurately 

determining the quantities of macro and micro nutrients of each crop.Bayesian optimized ensemble decision tree for 

crop recommendation prediction (BOEDT-CRP) model was developed in [12] with various hyperparameter 

optimization. However, the model did not provide valuable information on the long-term effectiveness and reliability 

of the model under dissimilar environmental conditions.  An intelligent internet of things and machine learning model 

was developed in [13] for crop yield prediction system by integrating the historic and current weather parameters. 

However, key parameters such as soil properties, fertilizer usage were not considered. Numerous machine learning 

models were developed in [14] for accurately perform the crop selection and determination of required nutrients.  

However, advanced deep learning model was not developed to increase the accuracy and a more detailed classification 

of different crop types. Inter-fused Machine Learning with Advanced Stacking Ensemble method was introduced [15] 

to enhance the crop prediction accuracy with the consideration of agricultural, environmental, and soil conditions. 

However, the overall processing time of the model was not reduced.  

 

1.1 Research Problem and Motivation  

Agriculture is a significant sector in numerous countries for offering food for world population. Agricultural data 

mining is defined as the process of extracting, analyzing and interpreting the data points from the agricultural sector 

to discover the hidden patterns and actionable insights. Crop recommendation is a vital field in optimizing the 

agricultural practices. Conventional ML as well as DL examined for performing efficient crop recommendation in 

agricultural field. But, the accuracy level was not improved and crop recommendation time was not reduced. But, it 

failed to predict the suitable crop.Despite the significant advancements of DL models in crop recommendation, 

hyperparameter tuning becomes necessary for enhanced performance by employing metaheuristic algorithms. 

Motivated by, a novel technique called PREMOD-AI is introduced for accurate prediction of crops with higher 

accuracy and less time.  

 

1.2 Research Gap  

Based on the review of existing literature, it is obvious that most crop recommendation systems mainly depend on 

machine learning and ensemble techniques, achieving improved accuracy and performance metrics. However, 

scalability, computational efficiency, and real-time deployment remain insufficiently addressed across multiple 

models. Many studies did not incorporate deep learning architectures or hybrid AI models thereby reducing the 

accuracy of crop recommendation and increasing the error rate. Moreover, several approaches struggled with large 

datasets and limited focus on time-efficient crop recommendation in sustainable agriculture. These gaps highlight the 

need for an advanced, scalable, and novel deep learning based crop recommendation framework integrating diverse 

soil composition, climate conditions, and environmental variables. 

The proposed PREMOD-AI model is needed to overcome the lesser accuracy, high error rates, and computational 

time than conventional ML and DL frameworks in sustainable agriculture. While existing methods struggle with 

scalability, large datasets, and real-time deployment, PREMOD-AI introduces a highly structured, multi-layered 

Hierarchical Discriminative AI architecture for multi-dimensional data such as soil composition and climate 

conditions. Compared to traditional models, data preprocessing reduces noise.It utilizes Hockey-stick indexed 

regression to reduce dimensionality. It employs Chatterjee correlation coefficients for precise classification and 

integrates a metaheuristic Horse Herd Optimization method to automatically fine-tune hyperparameters with 

minimizing the prediction errors.  

 

1.3 Key Contribution of the Model 

The major contributions of the proposed PREMOD-AI modelare summarized as follows, 
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• To improve crop recommendation in agriculture sector, a novel PREMOD-AI modelhas been developed by 

integrating the Convolutional neural network and deep belief network which integrates different processes namely 

preprocessing, feature selection and classification 

•  To decrease crop recommendation time, an enhanced Convolutional Deep Belief Network (CDBN) approach is 

employed, which efficiently manages data preprocessing and selects relevant features.  

• The preprocessing phase eliminates outliers, thereby reducing the overall dataset size. Furthermore, the Hockey-

stick indexed regression is utilized to identify and retain significant features while discarding less relevant ones, 

improving model efficiency and crop predictive performance. 

• The PREMOD-AI modelincreases the accuracy and minimizes the prediction errors, by usingChatterjee correlation 

coefficients for precise crop prediction. Additionally, an stochastic adaptive moment algorithm and horse herd 

optimization are applied to further refine the hyperparameters by minimizing the error rate. 

•  Finally, comprehensive experimental evaluations across various performance metrics demonstrate that the 

PREMOD-AI modeloutperforms conventional deep learning methods. 

 

1.2 Paper Organization 

The rest of this paper is partitioned into the subsequent sections: 

Section 2 provides a literature review, summarizing previous research of crop recommendation, highlighting their 

contributions, and identifying limitations. Section 3 details the PREMOD-AI model, describing the task of each part, 

including the design of the crop prediction and development of the deep learning model. Section 4 presents the dataset 

description and implementation result. To end with, Section 5 concludes the paper by summarizing the key 

contributions and findings. 

 

2. RELATED WORKS  

Long Short term Memory model was developed in [16] for accurate Crop recommendation and forecasting system. 

However, scalability of the model was not improved for precision agriculture in diverse agricultural regions. An 

integration of Machine Learning (ML) and Internet of Things (IoT) were developed in [17] to enhance the agricultural 

within a Crop Recommendation System. But it did not incorporating additional parameters relevant to crop health and 

soil conditions to enhance crop recommendations’ accuracy. Machine learning models were developed in [18] with 

the aim of improving the crop recommendation and yield-prediction using soil and environmental parameters collected 

from various sensors deployed in agricultural fields. An integration of AI and IoT was developed in [19] to provide 

suitable crop recommendations for optimal resource allocation and maximize yields. However, the model did not 

focus on refining data collection methodologies and exploring additional parameters to improve the precision and 

reliability of the system. Optimization based ensembles of different methods were introduced in [20] to improve the 

precision and stability of crop prediction. But, the method did not incorporate deep learning based crop prediction. 

 Gradient Boosting algorithm was developed in [21] for accurately recommend the crops depends on nutrients and 

environmental parameters. However, developing explainable, reliable model was major issues to enhance agricultural 

productivity. Two robust machine learning architectures were developed in [22] for classification and regression for 

accurate crop recommendation by considering the various climate and soil attributes. However, it failed to improve 

the accuracy of models’ while handling large dataset. Machine Learning (ML) based system was designed in [23] 

based on historical data on climatic circumstances, soil properties, crop yields, to provide personalized crop 

recommendations. However, the system did not focus on incorporating more detailed and temporal soil and climate 

data, as well as historical crop planting information to improve the adaptability and accuracy. A stacking ensemble 

model was introduced in [24] to enhance crop recommendation based on feature fusion.  The model failed to 

incorporate more comprehensive parameters such as the specific water requirements for individual crops within deep 

learning architectures. An integration of ensemble learning (EL) and multiple machine learning (ML) models were 

developed in [25] for improved the performance of crop recommendation. However, computational complexity of the 

model remained limited in large-scale dataset.  

Machine learning techniques were developed in [26] with the aim of accurate crop recommendation based on soil 

nutrient analysis under diverse environmental regions and conditions.  However, the model failed to perform soil 

fertility analysis for fertilizer recommendations to farmers.Recursive Spectral Convolutional Neural Network 

(RSCN2) model was developed in [27] for sustainable crop recommendation to optimizes the resource and feature 

subsets. However,time efficient crop recommendation was major concern. A Machine Learning-Enabled System was 

developed in [28] for efficient crop recommendationsto achieve high yield. However, it failed to handle different soil 

parameters and optimize crop types. Transformative Crop Recommendation Model was introduced in [29] to optimize 

recommendations depends on environmental and agronomic factors. However, providing accurate and timely 

recommendation was major issues. An automatic water irrigation system was introduced in [30] for accurate crop 

recommendation depends on soil parameters, aiming to enhance the agricultural productivity. However, an efficient 

deep learning algorithm was not applied to minimize the error in crop recommendation. Bi-phasic deep learning 
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framework called AgroDualNet was designed in [32] for optimizing the yield quality and minimizing the agricultural 

losses. But, the accuracy was not enhanced. To develop farming idea, new framework termed adaptive neuro-fuzzy 

inference system (ANFIS), support vector machine (SVM), and Puma optimizer (ANFIS-SVM-PO) was introduced 

in [32]. However, it failed to minimize time. Crop recommendation system was estimated in [33] with higher accuracy. 

But, the error was not concentrated. Table 1 shows thecomparison analysis of state-of-the-art methods. 

 

Table 1 Comparison Analysis Of State-Of-The-Art Methods 

Reference

. No 

Author name  Methods Objective Pros  Cons  

[16] Yashashree 

Mahale., et al., 

(2024) 

Long Short term 

Memory model 

Accurate Crop 

recommendation 

and forecasting 

system 

Increase 

Accuracy of 

Crop 

recommendati

on 

scalability of the model was 

not improved 

[17] Mohamed Omar 

Abdullahi., et 

al., (2024) 

Machine 

Learning (ML) 

and Internet of 

Things (IoT) 

To enhance the 

optimal  Crop 

Recommendation 

System 

Increase 

Accuracy, 

precision, 

recall, F1score   

Did not incorporating 

additional parameters 

relevant to crop health and 

soil conditions to enhance 

accuracy 

[18] Mohamed 

Bouni., et al., 

(2024) 

Machine 

learning models 

Improve the crop 

recommendation 

and yield-prediction 

using soil and 

environmental 

parameters 

Increase 

Accuracy, 

precision, 

recall, F1score   

 deep learning techniques 

was not employed for 

accurate predictions 

[19] Md Anisur 

Rahman., et al., 

(2024) 

An integration 

of AI and IoT 

 To provide suitable 

crop 

recommendation 

for optimal resource 

allocation 

Enhance 

predictive 

accuracy   

 Did not focus on exploring 

additional parameters to 

improve precision and 

reliability of system 

[20] Sasmita 

Subhadarsinee 

Choudhury., et 

al., (2024) 

Optimization 

based ensembles 

of different 

methods 

 To improve 

precision and 

stability of crop 

prediction 

Prediction 

accuracy was 

enhanced  

Did not incorporate deep 

learning based crop 

prediction 

[21] Sourabh 

Shastri., et al., 

(2025) 

Gradient 

Boosting 

algorithm 

 Accurately 

recommend   crops 

depends on 

nutrients and 

environmental 

parameters 

Increases the 

precision an 

recall    

Developing explainable, 

reliable model was major 

issues to enhance 

agricultural productivity 

[22] Abid Badshah., 

et al., (2024) 

Two robust 

machine 

learning 

architectures 

To  enhance 

classification and 

regression for 

accurate crop 

recommendation 

Increases the 

precision an 

recall   and 

minimize 

RMSE 

Failed to improve   accuracy 

of models’ while handling 

large dataset 

[23] Farida Siddiqi 

Prity., et al., 

(2024) 

Machine 

Learning (ML) 

based system 

 To provide 

personalized crop 

recommendations 

Increase the 

accuracy of 

Prediction 

performance    

system did not focus on 

incorporating more temporal 

soil and climate data 

[24] Rania A. 

Ahmed., et al., 

(2024) 

stacking 

ensemble model 

To enhance crop 

recommendation 

based on feature 

fusion 

High 

classification 

performance 

Failed to incorporate more 

comprehensive parameters 

for individual crops within 

deep learning architectures. 

[25] Hemalatha 

Gunasekaran., et 

al., (2024) 

integration of 

ensemble 

learning (EL) 

and multiple 

machine 

To enhance 

performance of 

crop 

recommendation 

Improved 

accuracy and 

reduced error 

rate 

computational complexity of 

the model was not reduced 
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learning (ML) 

models 

[26] Sehrish 

Munawar 

Cheema and 

Ivan Miguel 

Pires (2025) 

Machine 

learning 

techniques 

Accurate crop 

recommendation 

based on soil 

nutrient analysis 

Enhanced 

prediction 

performance 

Failed to perform soil 

fertility analysis for fertilizer 

recommendations  

[27] Gopinath 

Selvaraj., et al., 

(2025) 

Recursive 

Spectral 

Convolutional 

Neural Network 

(RSCN2) model 

sustainable crop 

recommendation 

Less error rate Rime efficient crop 

recommendation was major 

concern 

[28] Pedina Sasi 

Kiran., et al., 

(2024) 

Recursive 

Spectral 

Convolutional 

Neural Network 

(RSCN2) model 

Efficient crop 

recommendation 

and  yield 

Enhanced 

precision, 

recall, F1-

score and 

accuracy 

Failed to handle different 

soil parameters and optimize 

crop types 

[29] Gurpreet Singh 

& Sandeep 

Sharma (2025) 

Transformative 

Crop 

Recommendatio

n Model 

(TCRM) 

 Optimize 

recommendations 

depends on 

environmental and 

agronomic factors 

Increase 

precision , 

recall, F1 

score  

 Accurate and timely 

recommendation was major 

issues  

[30] Anitha 

Palakshappa., et 

al., (2024) 

Automatic water 

irrigation 

system 

Accurate crop 

recommendation 

depends on soil 

parameters 

Maximizing 

accuracy  

Error rate  was not improved 

[31] Mohanappriya., 

et al.  

AgroDualNet Optimize yield 

quality 

Reduce the 

error  

Accuracy was not enhanced  

[32] Thandra 

Jithendra et al.  

ANFIS-SVM-

PO 

Forecast optimal 

rainfall  

Precision was 

enhanced  

Time was lesser  

[33] S. Poornima et 

al.  

Crop 

recommendatio

n system 

Select most suitable 

crops  

Higher 

accuracy  

Error was not concentrated 

 

 Based on the above conventional literature, the limitations are described such as high computational latency [25, 

27], poor scalability [16, 22], and a failure to minimize overall prediction errors [30, 31]. Also, the deep learning 

models such as RSCN2 [27, 28] were utilized to offer strong evaluation metrics. But, the accuracy and time is major 

practical concern for appropriate crop prediction. To address this issue, the proposed PREMOD-AI model by 

integrating preprocessing, feature selection, and classification and optimization. Unlike previous approaches that 

struggle with massive datasets [22], PREMOD-AI systematically minimizes recommendation time and dataset size 

by preprocessing and Hockey-stick indexed regression to filter out outliers and irrelevant features and pick pertinent 

features. Furthermore, while contemporary models fail to adequately address error rates or explainability [21, 31], the 

proposed work utilizes Chatterjee correlation coefficients, stochastic adaptive moment and horse herd optimization 

algorithm. This dual-layer approach dynamically tunes hyperparameters and lowers prediction errors. Finally, the crop 

recommendation into a highly robust, scalable, and time-efficient solution are achieved with maximum accuracy. 

 

3.  PROPOSAL METHODOLOGY  

Agriculture is an essential role in India's economy, sustaining millions of livings. However, traditional farming 

methods often resist with making accurate decisions about which crops to cultivate to gain the better food productivity. 

This lack of precision reduces the productivity and hence novel smart technologies is required that assists the farmers 

decide their right crops quickly and forecast agricultural outcomes with higher accuracy. To address this concern, a 

novel Hierarchical Discriminative AI model called PREMOD-AI is introduced. This Hierarchical Discriminative AI 

method is adapted for predicting various crops to cultivate for particular land based on sol and weather conditions.  

PREMOD-AI model stands for Polynomial REgressive Momentum Optimized Discriminative Artificial Intelligence. 

The term polynomial regressivehighlights the framework’s ability to perform the missing data imputation with other 

available data.  The term stochastic adaptive Momentum algorithm is used to reduce errors and enhance the accuracy 

of crop prediction with the help of Horse herd metaheuristic optimization based hyperparameter fine tuning.  

Discriminative Artificial Intelligence is designed to classify or predict labels for input data by learning the given 

https://www.nature.com/articles/s41598-026-40772-4#auth-S_-Poornima-Aff1
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input data samples. Here the hybrid Convolutional Deep Belief Network (CDBN) approach is used as Discriminative 

Artificial Intelligence model for accurate crop prediction to support reliable and sustainable agricultural planning.This 

proposed PREMOD-AI model integrates the four phases such as data preprocessing, feature selection, classification, 

and fine-tuning to achieve more reliable and interpretable crop prediction for efficient recommendation. 

 
Figure 1 Architecture Of Proposed PREMOD-AI Model 

 

Figure 1 shows the overall architecture of the proposed PREMOD-AI model for accurate crop prediction from the 

given environmental and soil data.  The above structure includes four significant processes namely Data acquisition, 

pre-processing, feature selection, and classification integrated into the structure of Hierarchical Discriminative AI 

model to enhance the accuracy of crop recommendation. To begin with, large volumes of environmental and soil data 

samples are collected from the crop recommendation dataset for accurate crop prediction.  The primary step of 

proposedPREMOD-AI model involves data pre-processing or cleaning to transform raw dataset into more suitable 

form through missing data handling and outlier data removal. Following the preprocessing step, the significant feature 

selection and removal process is carried out by employing the hockystick indexed regression function for accurate 

crop prediction with minimal time. To end with, the proposed PREMOD-AI model performs the crop prediction 

through classificationattaining higher accuracy with lesser errors. These different fundamental processes of the 

proposed PREMOD-AI model are explained briefly in the subsequent sections. 

 

3.1 Data Acquisition  

The first process of proposed PREMOD-AI model is the data acquisition which involves collecting the raw data 

samples from the dataset. In the proposed model, raw data samples are collected from the crop recommendation dataset 

https://www.kaggle.com/datasets/irakozekelly/crop-recommendation-dataset. This dataset consists of essential 

information for accurate crop recommendation and it also including the features about the soil, weather conditions, 

and region-specific information. It includes 18079 records and 8 features or attributes. The 8 features in this dataset 

includes record ID, soil factors like pH, potassium (K), phosphorus (P), and nitrogen (N) levels, as well as climate 

factors such as temperature, rainfall, and crop. The feature descriptions are listed in table 2 and table 3.  

 

https://www.kaggle.com/datasets/irakozekelly/crop-recommendation-dataset
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Table 2 Description Of Features 

 

Table 3Number Of Data In Class Label 

Crops Number 

of data 

Crops Number 

of data 

Crops Number 

of data 

Crops Number 

of data 

Rice            2245 cotton           613 blackpepper 119 cauliflower 23 

Maize           1976 sweetpotato 576 mango             66 cucumber          20 

Moong           1327 ragi             557 tomato            59 grapes            19 

wheat           1287 horsegram 545 papaya            56 jackfruit         18 

rapeseed        1118 turmeric         528 brinjal           55 drumstick         17 

potato          1083 banana           507 cardamom          54 bottlegourd 13 

jowar           1055 coriander        473 ladyfinger        41 radish            13 

onion           1047 soyabean         442 orange            27 blackgram 11 

sunflower        737 garlic           415 cabbage           26 bittergourd 11 

barley           654 jute             211 pineapple         26 pumpkin            9 

Total  12,529 Total 4867 Total 529 Total 154 

 

3.2 Hierarchical Discriminative AI model Enabled crop prediction 

After the data acquisition, proposed PREMOD-AI model performs the crop prediction which employs a Hierarchical 

Discriminative AI model. It is a deep learning model to achieve fast and highly accurate crop prediction with reduced 

computational overhead. This enhanced deep learning method is specifically developed to boost prediction 

performance while reducing overall computation time. By integrating the layered learning capability of Deep Belief 

Networks (DBNs) and strength of Convolutional Neural Networks (CNNs), the Convolutional Deep Belief Networks 

is employed as a Hierarchical Discriminative AI model efficiently enhance both feature selection process as well as 

classification outcomes. The overall architecture consists of several stacked Restricted Boltzmann Machine (RBM) 

layers, which helpsforaccurate learning by minimizing the training errors. 

In this PREMOD-AI methodology, the CNN component efficiently extracts high-level spatial and environmental 

features from soil, climate, and agronomic data. Subsequently, the DBN model performs deep hierarchical learning to 

capture complex nonlinear relationships and temporal dependencies among extracted features. This hybrid 

architecture enhances crop prediction accuracy, stability, and generalization compared to separate models. Moreover, 

PREMOD-AI improves scalability, minimizes the prediction error rates for sustainable and time-efficient agricultural 

planning.  The overall structural design of the CDBN is illustrated in Figure 2. 

S. No Features or attributes  Description 

1. ID ID for that particular record 

2.   N Nitrogen content in soil 

3.  P Soil phosphorus content 

4.  K Soil  Potassium content  

5.  Temperature  Average temperature (in °C) impacting crop growth 

cycles 

6. ph Soil pH level (affecting nutrient availability to 

plants) 

7. rainfall Average rainfall amount (in mm) influencing water 

availability 

8. Crop Recommended crop type based on the given soil and 

weather parameters 

40 unique crop type 

 'barley' 'sunflower' 'sweetpotato' 'rice' 'soyabean' 

'jowar' 'potato', 'turmeric' 'jute' 'maize' 'moong' 

'onion' 'cabbage' 'ragi' 'banana', 'rapeseed' 'wheat' 

'horsegram' 'coriander' 'mango' 'tomato' 'cotton', 

'brinjal' 'garlic' 'blackgram' 'cardamom' 'blackpepper' 

'orange', 'bittergourd' 'papaya' 'grapes' 'ladyfinger' 

'pineapple' 'bottlegourd', 'jackfruit' 'pumpkin' 

'cauliflower' 'cucumber' 'drumstick' 'radish' 
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Figure 2 Schematic Structure Of A Convolutional Deep Belief Network 

 

Figure 2 given above depicts the structure of anintegrated Convolutional Deep Belief Networkdesigned for precise 

crop prediction in agriculture domain. The newly developed integrated constructionincludes two main steps namely 

layer-wise pre-training process and fine-tuning. In the layer-wise pre-training process, each layer in network 

architecture is trained separately to learn a given input data samples by means of weighted computations, and the 

resulting processed output is transformed to the next hidden layer. During the fine-tuning stage of proposed deep 

learning architecture, the complete network structures perform the backpropagation to optimize the model 

hyperparameters, aiming to reduceprediction errors and improve overall accuracy performance in agriculture crop 

prediction. 

The integrated deep learning network utilizes the generative stochastic artificial neural network called Restricted 

Boltzmann Machines (RBMs) for the layer-wise pre-training process. As shown in figure 2, there are three RBM 

layers are used for performing the three different tasks namely preprocessing, feature selection and classification. Each 

RBM includes alternating hidden and pooling layers. The small individual neurons in the hidden layer obtain the input 

data samples from previous visible layer or input layer. The pooling layer, followed by the hidden layer, reduces the 

dimensionality of the original dataset. 

First, the numbers of collected data are given to the input layer or visible layer of the Convolutional Deep Belief 

Network.  Subsequently, data preprocessing is carried out in the first hidden layer of RBM 1 to convert raw agricultural 

data into a clean and normalized format, enabling accurate crop prediction. In the second hidden layer of RBM 2, 

feature selection is performed to identify the most relevant features while eliminating redundant attributes. The third 

hidden layer in RBM 3 carries out the classification process to achieve higher prediction accuracy.  

To begin with, the network receives input data samples, with each layer consisting of neurons that transfer the 

processed results from one layer to the subsequent layer. The visible layer receives the raw data samples directly, and 

the output from one RBM given to the input of the visible layer of the next RBM, enabling a hierarchical, layer-by-

layer learning process, as shown in Figure 2. 

As shown in the figure 2, the overall deep learning architecture have the training set {𝐴𝑆𝑖,𝑌𝑘} where 𝐴𝑆𝑖 indicates a 

training agricultural data samples𝐴𝑆𝑖 = {𝐴𝑆1, 𝐴𝑆2, … , 𝐴𝑆𝑛}’ collected from the crop recommendation dataset and a 

label or output ‘𝑌𝑘’ representing its prediction output for recommending the suitable crop. The significance of a neuron 

activation probability play a vital role, refers to the likelihood that a neuron becomes active (produces a significant 

output) when given input data. It helps to determine how quickly a neuron responds across all input data samples. The 

activation probability of a hidden unit is computed based on a weighted sum of the inputs collected from the visible 

units and a bias. This weighted sum is then transferred to the sigmoid function that generates the conditional 

probability to verify the neurons in the hidden unit areactive or not.  Therefore, the neuron activation probability in 

the hidden layer ‘𝑃ℎ’ is given below,   

𝑃ℎ = 𝜎(∑ 𝐴𝑆𝑖
𝑛
𝑖=1 ∗ 𝑤𝑣ℎ) + 𝑏(1) 

Where, 𝑃ℎ denotes a neuron activation probability in the hidden layer, 𝐴𝑆𝑖 denotes ainput data samples associated to 

a weight between visible and hidden layer ‘𝑤𝑣ℎ’ and included with bias ‘𝑏’ helps to shift the input data samples left 
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or right, giving it more flexibility, 𝜎 represents  a   sigmoid activation function. When the activation probability 

𝑃ℎbecomes 1, the neuron is always active for every input sample.  

3.2.1 Data Pre-processing  

Data pre-processing is a second vital step of proposed PREMOD-AI model that helps to make a dataset is clean, 

reliable, and appropriate for accurate cropprediction. Since raw agriculture data collected from external repositories 

often comprises a noise, missing values, and uneven patterns. This inconsistency of the dataset leads to high error in 

accurate crop prediction. Therefore, the proposedmodel performs preprocessing to enhance data quality. The 

preprocessing steps of proposed model mainly include two major processes namely missing data handling and outlier 

data removal.  

The initial stage of proposedPREMOD-AI model focuses on identifying and addressing missing values. A missing 

value is plainly unrecorded or not present for a particular variable in a dataset, appearing as blank cells. To handle 

these data effectively, a polynomial proximal regressive imputation method is applied to determine and replace the 

missing data within the input dataset. The novelty of the polynomial proximal regressive imputation is integrated 

within the proposed PREMOD-AI framework. This preprocessing step is efficiently hybridized within the layers of 

CDBN architecture to handle the missing values, and varying data ranges present in agricultural datasets. This 

combined approach ensures consistency across heterogeneous soil, climate, and environmental parameters. The hybrid 

strategy enhances feature representation and supports more stable and accurate learning in the PREMOD-AI 

framework thereby reducing error rates and improving overall crop recommendation performance. 

 Let us consider the crop recommendation dataset ‘𝐷𝑆’ and data samples ‘𝐴𝑆’ as well as features {𝑓1, 𝑓2, … , 𝑓𝑚}are 

arranged in the form of matrix.  Therefore, the input matrix is formulated as given below, 

𝐼𝑀 =

[
 
 
 
 

𝑓1 𝑓2 … 𝑓𝑚
𝐴𝑆11 𝐴𝑆12 … 𝐴𝑆1𝑛

𝐴𝑆21 𝐴𝑆22 … 𝐴𝑆2𝑛

⋮ ⋮ …  ⋮
𝐴𝑆𝑚1 𝐴𝑆𝑚2 … 𝐷𝑆𝑚𝑛]

 
 
 
 

 𝑚 = 𝑟𝑜𝑤𝑠, 𝑛 = 𝑐𝑜𝑙𝑢𝑚𝑛 (2) 

 Where,𝐼𝑀 represents an input data matrix where each column indicates a number of features𝑓 = {𝑓1, 𝑓2, … , 𝑓𝑚}, each 

row represents a number of records or data samples or records ‘𝐴𝑆 = {𝐴𝑆1, 𝐴𝑆2, … , 𝐴𝑆𝑛}’ respectively.  First, detect 

where the missing values (often represented as none, or blanks are located in given input dataset. After detecting the 

missing values, the polynomial proximal regressive imputation process is applied for commuting the missing values 

with the other known data samples.  

𝐴𝑆𝑖𝑚𝑝𝑢𝑡𝑒𝑑 = 𝛽0 + 𝛽1𝐴𝑆1 + 𝛽2𝐴𝑆2
2 + ⋯𝛽𝑛𝐴𝑆𝑛

𝑛 + 𝜖   (3) 

Where, 𝐴𝑆𝑖𝑚𝑝𝑢𝑡𝑒𝑑  indicates a imputed output, 𝐴𝑆1, 𝐴𝑆2, … , 𝐴𝑆𝑛 denotes a number of known data samples or instances, 

 𝛽0, 𝛽1, 𝛽2, … 𝛽𝑛 indicates a regression coefficients, 𝜖 indicates the error term which minimizes the sum of the squared 

differences between the actual imputed value  and predicted imputed value.   

𝜖 = 𝑎𝑟𝑔 𝑚𝑖𝑛(𝐴𝑆𝑖𝑚𝑝𝑢𝑡𝑒𝑑(𝑎𝑐𝑡𝑢𝑎𝑙) − 𝐴𝑆𝑖𝑚𝑝𝑢𝑡𝑒𝑑(𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑))
2
    (4) 

The regression function finding the appropriate values of the coefficients that reduces i.e. 𝑎𝑟𝑔𝑚𝑖𝑛 the least absolute 

deviation between the actual 𝐴𝑆𝑖𝑚𝑝𝑢𝑡𝑒𝑑(𝑎𝑐𝑡𝑢𝑎𝑙)’and predicted values ‘𝐴𝑆𝑖𝑚𝑝𝑢𝑡𝑒𝑑(𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑)’. In this way, 

regression based missing data smoothing is efficientlyperformed in the given dataset.  

   Followed by, an outlier detection and removal process is conducted in proposed PREMOD-AI model by means of 

the Extreme normalized residual test to discover outlier data points, which considerablydiverge from the rest of the 

other data points in the given dataset. The novelty of using an Extreme Normalized Residual Test Statistic in 

PREMOD-AI model for outlier detection in the hidden layer of a CDBN lies in identifying and handling outliers 

during internal feature learning. This approach detects extreme deviations in hidden-layer activations and identifies 

noisy or outliers patterns. As a result, the model achieves better accuracy and reliability in crop recommendation. 

 Therefore, the normalized residual test is a statistical method for efficiently detecting the outlier, and its test statistic 

is expressed as follows, 

𝐸𝑁𝑅𝑇 = 𝑎𝑟𝑔 𝑚𝑎𝑥 [
|𝐴𝑆−𝜇|

𝑣 (𝐴𝑆,𝜇)
](5) 

𝜇 =
1

𝑛
∑ 𝐴𝑆𝑖

𝑛
𝑖=1 (6)  

𝑣 (𝐴𝑆, 𝜇) = √
1

𝑛
∑ (𝐴𝑆𝑖 − 𝜇)2𝑛

𝑖=1 (7)    

Where,  𝐸𝑁𝑅𝑇 denotes aExtreme normalized residual test statistic, 𝜇  represents a mean, 𝑣 designates a deviation, 𝑛  

indicates a number of input data samples, 𝑎𝑟𝑔 𝑚𝑎𝑥  denotes a argument of maximum function.  Therefore, the 

maximum of these standardized test statisticoutcomes from the mean is said to be an outlier. In other words, the 

greatest absolute deviation between the data and mean is said to be an outlier. The test is continued iteratively until 

detecting all outliers within the given dataset. These so-called outliers are then removed from the dataset.  The pooling 
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layer followed by the hidden layer reduces the dimensionality of the originaldataset by removing the outlier samples. 

These preprocessed dataset results are transferred into the next RBM layer.    

3.2.2 Feature Selection 

The proposed PREMOD-AI model executes the feature selection process in the hidden layer of Convolutional Deep 

Belief Network to minimize the overall size of input dataset for accurate crop prediction with minimal time 

consumption. The main aim of this process is to preserve the more significant environmental or soil features for 

accurate analysis and modeling. The selected less number of significant features helps to reduce the computational 

performance in crop prediction. The proposed PREMOD-AI model utilizes the Hockey-stick indexed regression for 

accurate feature selection. The Hockey-stick regression is employed for measuring the linear relationship between 

input variables (features) and an output variable (target). 

The proposed regression utilizes the Roger similarity statistical index function to analyze the relationship between the 

features and a target.This helps to project the more relevant features from high dimensional space into a low-

dimensional space and also minimize time complication of the algorithm to perform accuracy of crop prediction. Let 

us consider the set of features in the dataset.  

𝐴𝑗 = {𝐴1, 𝐴2, … , 𝐴𝑚}𝑤ℎ𝑒𝑟𝑒𝑗 = 1,2,3… 𝑚   (8) 

The similarity relationship between the target variable and the input soil and environment features is computed through 

following expression.  

𝑆𝐼(𝐴𝑗,  𝑌𝑘) =
|𝐴𝑗 ∩ 𝑌𝑘|

𝑚+|𝐴𝑗 ∆ 𝑌𝑘|
         (9) 

 Where𝑆𝐼(𝐴𝑗,  𝑌𝑘) denotes a Roger similarity index output,𝐴𝑗 ∩ 𝑌𝑘indicatesamore association between the feature 

‘𝐴𝑗 ’ and target output ‘ 𝑌𝑘’,  𝐴𝑗  ∆ 𝑌𝑘representsadissimilarityor variation between the features and target output. The 

similarity index function returns the outcomes between 0 and 1.  The Hockey-stick regression method is a statistical 

approach used to distinguish between relevant and irrelevant features in a dataset based on their similarity index 

output. The method works by comparing the observed similarity of each feature. Features whose observed similarity 

exceed the corresponding Hockey-stick thresholds are considered relevant, while those lessening below the threshold 

are considered irrelevant. By selecting only the relevant features, this method helps to reduce dimensionality, eliminate 

irrelevant features and improve the performance of prediction tasks.  

𝐴𝑅𝐸 = 𝑐1. 𝑆𝐼 + 𝜏1, 𝑖𝑓𝑆𝐼 < 𝐻𝑇            (10) 

𝐴𝑆𝐸𝐿 = 𝐶2. 𝑆𝐼 + 𝜏2, 𝑖𝑓𝑆𝐼 > 𝐻𝑇  (11) 

Where,‘𝐴𝑅𝐸’ represent the removed features sets,𝐴𝑆𝐸𝐿 denotes a selected features sets, 𝑆𝐼 Roger similarity index, 

regression coefficient ‘ 𝑐1’, ‘ 𝐶2’ and regression constants ‘ 𝜏1’, 𝜏2’ with regards to Hockey-stick thresholds (𝐻𝑇).  

From the evaluation results, ‘𝐴𝑆𝐸𝐿’ results are considered for accurate crop prediction. The selected features results 

are transferred into thirdRBM layer.  

3.2.3 Classification  

After selecting the significant features from the dataset, the final step of proposedPREMOD-AI model is to perform 

the classification in third RBM layer of network architecture along with the selected features. In the third RBM layer, 

training and testing data analysis is done by the means ofChatterjee correlation coefficient to classify the crops for 

accurate recommendation.  

𝐶𝑅𝐶 = 1 −
|𝐴𝑆𝑇𝑟−𝐴𝑆𝑇𝑠|

𝑆𝑇(𝐴𝑆)
   (12) 

𝑆𝑇(𝐴𝑆) =
|𝐴𝑆𝑇𝑟−𝐴𝑆𝑇𝑠|

2

|𝐴𝑆𝑇𝑟−𝐴𝑆𝑇𝑠|
2+ 𝜌2 (13) 

𝜌 =
𝐴𝑆𝑇𝑟−𝐴𝑆𝑇𝑠

√(1−𝐴𝑆𝑇𝑟)2(1−𝐴𝑆𝑇𝑠)
2
          (14) 

 Where, 𝐶𝑅𝐶 denotes a Chatterjee correlation coefficients, 𝐴𝑆𝑇𝑟 denotes a training data samples, 𝐴𝑆𝑇𝑠denotes a 

testing data samples, 𝑆𝑇(𝐴𝑆)indicates wald statistic test statistics, 𝑉( 𝐴𝑗 ,  𝑇𝑅𝑘) represent variance between the training 

and testing samples. The correlation ‘𝐶𝑅𝐶‘returns the output ranges from ‘0 to ‘1’. If the outcome of ‘𝐶𝑅𝐶’ is more 

close to 1, indicates that the data samples have been accurately predicted. For each crop classification, the error 

‘𝐶𝐹𝐸 ′ is computed as follows  

𝐶𝐹𝐸 =  
  𝑀𝑖𝑠𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑑𝑎𝑡𝑎 𝑠𝑎𝑚𝑝𝑙𝑒𝑠 

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑎𝑚𝑝𝑙𝑒𝑠 
     (17) 

During the fine-tuning stage of proposed model, the hyperparameters of deep learning structures are updated with the 

stochastic adaptive momentum algorithm toreduce errors and enhance the accuracy of cropprediction. This algorithm 

helps to iteratively update the weights between the layers of deep learning model for faster and more efficient 

convergence. 

𝑤𝑛𝑒𝑤 = 𝑤𝑡 − 𝜂
𝑍𝑡

√𝑄𝑡+𝜀
(18) 

Where,  𝑍𝑡 = 𝛾1𝑍𝑡−1 + (1 − 𝛾1) [
𝜕𝐶𝐹𝐸

𝜕𝑤𝑡
]   (19) 
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𝑄𝑡 = 𝛾2𝑄𝑡−1 + (1 − 𝛾2) [
𝜕𝐶𝐹𝐸

𝜕𝑤𝑡
]
2

   (20) 

 Where, 𝑤𝑛𝑒𝑤   denotes an updated weights between the layers, 𝑤𝑡   represents a current weight, 𝜂  indicates a 

learning rate(𝜂 < 1), 
𝜕𝐶𝐹𝐸

𝜕𝑤𝑡
’ indicates a partial derivative of the classification  error ‘𝐶𝐹𝐸′ regarding current weight 

‘𝑤𝑡’,𝛾indicates a Momentum parameter (0. 9), 𝑍𝑡 represents  a  first moment (i.e. mean), 𝐺𝑡  indicates a second moment 

(i.e. variance), 𝜀 

denotes a small positive constant added to the denominator. From the updating process, numerous weights are 

observed based on the computed gradients. Therefore, an optimal weight is determined by applying Horse herd 

algorithm to enhance the accuracy by decreasing the error (i.e. false positive or false negative).    

 Horse herd algorithm is a current population-based metaheuristic optimization approach aimed to address more 

complex issues in large volume of data samples. It imitates the social dynamics and movement patterns monitored in 

horse herds to investigate the search space efficiently.  

In this algorithm, the term weights related to the horses. Initialize the population of the horses (i.e. number of weights 

‘ 𝑤𝑟’) in search space.  

𝑤𝑟 = 𝑤1, 𝑤2, 𝑤3 … .𝑤𝑟   (21) 

 Once the population is initialized,composure the fitness based on classification error.  

𝑓( 𝑤𝑟) = 𝑎𝑟𝑔 𝑚𝑖𝑛  𝐶𝐹𝐸  (22) 

Where 𝑓( 𝑤𝑟)indicates a fitness of each weight value, 𝑎𝑟𝑔 𝑚𝑖𝑛 indicates an argument of minimal function, 

𝐶𝐹𝐸indicatesa error rate in crop classification. After the fitness calculation, the current best horse i.e. weight is chosen 

among the others for selecting the optimal. The current best horse is chosen as leader in their herd. Once the current 

best is chosen, different horse behaviors such as exploration and exploitation are discussed in the following 

subsections.  

3.2.3.1 Exploration Phase  

During the exploration stage of the optimization process, the horses (search agents) find the way in a random and 

diverse manner to discover promising new solution. This random exploratory movement helps to prevent early 

convergence and ensures that the algorithm comprehensively observes the search landscape  

𝑋𝑡+1 = 𝑋𝑡 + 𝑅1 ∗ 0.5|𝑋𝑏𝑒𝑠𝑡 − 𝑋𝑡|    (23) 

Where,𝑋𝑡+1denotes a updated position of the horse, 𝑋𝑡represents a current position of the horse, 𝑅1 denotes a random 

number (0, 1), 0.5|𝑋𝑏𝑒𝑠𝑡 − 𝑋𝑡|  represents a Jensen Shannon divergenceamong the current position of horse ‘𝑋𝑡’ and 

best position of the horse ‘𝑋𝑏𝑒𝑠𝑡’. 

3.2.3.2 Exploitation Phase  

 During the exploitation phase, every horse in herd changes its position towards best known position. In this stage, 

randomness movement is avoided to enable a more focused and accurate local search.  

𝑋𝑡+1 = 𝑋𝑏𝑒𝑠𝑡 + 𝑅2 ∗ 0.5|𝑋𝑏𝑒𝑠𝑡 − 𝑋𝑡|    (24) 

Where, 𝑋𝑡+1 indicates updated position of the horse, 𝑋𝑏𝑒𝑠𝑡represents current best location of the horse, 𝑅2 denotes a 

random number (0,1), 0.5|𝑋𝑏𝑒𝑠𝑡 − 𝑋𝑡|  represents a Jensen Shannon  divergence, the current position ‘𝑋𝑡 and  ‘𝑋𝑏𝑒𝑠𝑡  

represents a best position of the horse. After updating the horse position during the exploration or exploitation, the 

algorithm again verifies the fitness. 

𝐹𝑉 = {
𝑓(𝑋𝑡+1) >  𝑓 (𝑋𝑏𝑒𝑠𝑡)   ;         𝑋𝑡+1  𝑖𝑠 𝑜𝑝𝑡𝑖𝑚𝑎𝑙 
𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒   ;                           𝑋𝑏𝑒𝑠𝑡  𝑖𝑠 𝑜𝑝𝑡𝑖𝑚𝑎𝑙

   (25) 

Where, 𝐹𝑉representsa fitness verification results, If the newly updated position ‘𝑋𝑡+1’ has a better fitness value than 

the best ‘𝑋𝑏𝑒𝑠𝑡’, it returned newly updated position 𝑋𝑡+1 as an optimal. Otherwise the best ‘𝑋𝑏𝑒𝑠𝑡’ is chosen as optimal.  

The process gets iterated until reached the predetermined maximum iterations. As a result, the horses optimal position 

representing the best weight to reduce error rate in the crop prediction.  
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Figure 3. Flow Chart Of Horse Herd Optimization 

 

Figure 3given above illustrates the flow chart of the horse herd optimization algorithm. Initially, a population of horses 

(weights) is generated within a search space. Each horse in this population is then evaluated using fitness function. 

Current best horse (weight) is chosen among the others for selecting the optimal along with the two behavioral 

approaches of the horse herd algorithm such as exploration and exploitation. Also, the current positions of horse are 

updated.With updating the horse position, the fitness is verified for new position of horse. This process repeated until 

the maximum iterations get reached. Finally, the optimal weight of deep learning network model is determined that 

minimizes the error function and allows the model to achieve the best possible performance on the classification task. 

Finally, the accurate crop classification results are obtained at output layer with softmax activation function. 

𝑌 =   𝜎𝑠𝑜𝑓𝑡  ( ℎ𝑡)  (26) 

Where,𝑌indicates a final classification output,  ℎ𝑡representsa output of hidden layer, softmax activation function 

‘  𝜎𝑠𝑜𝑓𝑡’ at the output layer for providing the multi classoutput. In this way, Convolutional Deep Belief Network 

accurately performs the crop prediction enabling reliable recommendations for future agricultural planning and 

decision-making. The algorithmic process of classifier model is given below. 

//Algorithm 1: Polynomial RegressiveMomentum Optimized Discriminative AI 
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Input:   Dataset ‘𝑫𝑺’,  features𝐴1, 𝐴2, … , 𝐴𝑚 and data samples 𝑇𝑆1 , 𝑇𝑆2, … , 𝑇𝑆𝑛  

 Output: Improve the disease prediction  accuracy 

Begin 

// Data acquisition  

Step 1: Collect number of data samples 𝑇𝑆1, 𝑇𝑆2, … , 𝑇𝑆𝑛 and features 𝐴1, 𝐴2, … , 𝐴𝑚 from the dataset 

// Data processing 

Step 2:    Input features 𝐴1, 𝐴2, … , 𝐴𝑚 and data samples 𝑇𝑆1 , 𝑇𝑆2, … , 𝑇𝑆𝑛given to visible layer  

Step 3:       Transform input to RBM layer 1 

Step 4:       For each data samples 𝑇𝑆𝑖do 

Step 5:     Compute the neuron activation probability using (1) 

Step 6:End For  

// Data Pre-processing             ------Hidden layer  1 

Step 7:    For each data samples 𝑇𝑆𝑖do 

Step 8:        Perform missing data imputation using (3)  

Step 9:     End for  

Step 10:      For each data samples 𝑇𝑆𝑖  

Step 11:         Compute the Extreme normalized residual test ‘𝐸𝑁𝑅𝑇’ using (5) 

Step 12:        If (𝑎𝑟𝑔 𝑚𝑎𝑥 𝐸𝑁𝑅𝑇) then 

Step 13:         Detect outlier data samples 

Step 14:         else 

Step 15:                Detect normal data samples 

Step 16:         End if 

Step 17:    End for 

// feature selection    ------ RBM layer 2 

Step 18:    For each preprocessed data samples do     

Step 19:         Perform feature selection 

Step 20:         Measure Roger similarity index using (9) 

Step 21:         𝒊𝒇 (𝑆𝐼 > 𝐻𝑇) then 

Step 22:              Features said to be relevant and selected  using (11)   

Step 23:          elseif (𝑆𝐼 < 𝐻𝑇) then 

Step 24:              Features said to be irrelevant and removed using (10)   

Step 25:          End if 

Step 26:    End for 

// classification------ RBM layer 3 

Step 27:   For each  selectedfeature with training data samples  

Step 28:       For each testing data samples 

Step 29:              Measure the Chatterjee correlation coefficient ‘𝐶𝑅𝐶’using (12) 

Step 30:                 𝒊𝒇 (𝐶𝑅𝐶 = 1)then 

Step 31:                    Data samples classified into particular class  

Step 32:      End if 

Step 33:      End for 

Step 34:   End for 

// Fine tuning  

Step 35:  For each classification result 

Step 36:     Compute the error ‘𝐶𝐹𝐸using (17) 

Step 37:     Update the weight using (18) 

Step 38:       Initialize the population of  weights using (21) 

Step 39:     For each𝑊𝑘 

Step 40:       Compute the fitnessusing (22) 

Step 41:        Identify current best weight with better fitness  

Step 42:             While (𝒕 < 𝑡𝑚𝑎𝑥)  do 

Step 43:for each weight in population  do 

Step 44:          if exploration phase then 

Step 45:                    Update the positions ‘𝑋𝑡+1’ using  equation (23) 

Step 46:              Else if exploitation phase then 

Step 47:                     Update the positions 𝑋𝑡+1’ using  equation (28) 

Step 48:           End if  

Step 49:     End for 
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Step 50:   Verify fitness for  updatedpositions  using (25) 

Step 51:        if  (𝑓(𝑋𝑡+1) >  𝑓 (𝑋𝑏𝑒𝑠𝑡))then 

Step 52:                      𝑋𝑡+1 considered as best optimal solution     

Step 53:          else 

Step 54:                       𝑋𝑏𝑒𝑠𝑡considered as optimal solution  

Step 55:          End if  

Step 56:     Increment t= t+1 

Step 57:         Go to step 42 

Step 58:   End while 

Step 59:      Return optimal weight   

Step 60:  Obtain final classification results  using (26)------( output layer) 

End  

 Algorithm 1 given above describes a different process of crop prediction for efficient recommendation with minimal 

error rates using PREMOD-AI model. The number of input climate and soil data are collected from the dataset. Then 

the input data samples are given to the visible layer of proposed deep learning network architecture. For each input 

data sample, neuron activation probability in measured along with the weights and biases to the RBM layer. The data 

then progresses through successive hidden layers, where data preprocessing is carried out for handling missing data 

and outlier data removal within the input dataset. In the next RBM layer, significant features are selected by employing 

the hockey-stick regression from the dataset to decrease the dimensionality of the dataset. Finally, Classification is 

carried out in the successive layer with the selected relevant features using the correlation coefficient, which measures 

the similarity between the training and testing samples to enhance crop prediction accuracy. After classification, a 

fine-tuning phase is employed using the horse herd optimization algorithm. Initially, a population of horses 

(representing weights) is spread across the search space. The fitness of these horses is evaluated based on the 

classification error rate, and their positions are updated iteratively. This process is repeated until a reaches the 

maximum number of iterations. After the algorithm convergence, the horse herd optimization algorithm identifies 

optimal weight values that reduce the classification error. Finally, the accurse multi class crop prediction results are 

observed at the output layer by applying the Softmax function, which further increases the classification accuracy. 

 

4. EXPERIMENTAL SCENARIO  

In this subdivision, experimental assessment of proposed model PREMOD-AI model and existingIDBN [1], GTODL-

CRYPM [2], and TabNet [4] areimplemented in Python high level programming language.  In order to conduct the 

experiment, crop recommendation dataset is collected from https://www.kaggle.com/datasets/irakozekelly/crop-

recommendation-dataset. For the experimental analysis, the crop prediction is employed for precise crop 

recommendation. It combines soil characteristics, climatic conditions, and region-specific agricultural data. The 

dataset contains testing and training folders with consist of 18,079 instances with eight attributes. These attributes 

include a unique record identifier, key soil nutrients such as nitrogen (N), phosphorus (P), potassium (K), and pH 

level, along with environmental variables including temperature and rainfall, and the corresponding crop type. 

Detailed explanations of these features are presented in Table 2and Table 3.For experimental purposes, the number of 

data samples is varied incrementally, ranging from 1800 to 18000.During the hardware and software configuration, 

the entire experiment is conducted in an Intel Core i5- 6200U CPU @ 2.30GHz 4 cores with 8 Gigabytes of 

RAM.Cross-validation is used to compute the performance of the model ability to carry out unseen data. By using 

cross-validation, the dataset is divided into two sets such as training and testing. Most data samples (70%) were used 

for training and the remaining (20% and 10%) were taken for testing and validation. In our work, the 10- fold cross-

validation is utilized for measuring the results. Hyperparameter settings are described in table 4. 

 

Table 4 Hyperparameter description 

Hyperparameter Description 

Number of layers  One visible, three hidden (RBM 3) and output layer 

RBM layer 1 Data preprocessing performed using polynomial 

proximal regressive imputation and Extreme 

Normalized Residual Test Statistic 

RBM layer 2 Roger similarity index used 

RBM layer 3 Chatterjee correlation coefficient employed 

Learning rate  0.001 

Number of epochs 100 

Batch size  64 

Optimizer Adam 

https://www.kaggle.com/datasets/irakozekelly/crop-recommendation-dataset
https://www.kaggle.com/datasets/irakozekelly/crop-recommendation-dataset
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Activation function  Softmax 

Training: Testing: Validation 70:20:10 

 

 

4.1 Implementation Details 

In this study, we developed PREMOD-AI for crop recommendation.  

• The PREMOD-AI method comprises of an input layer, three hidden layers and an output layer.  

• We compared our PREMOD-AI method to model to existing IDBN [1], GTODL-CRYPM [2] and TabNet [4] using 

datasets to validating the results. 

• Initially, distinct 18000 sample X-ray images were obtained from crop recommendation dataset. The crop 

recommendation Dataset containing data samples were initially positioned in the input layer.  

• Second in the first hidden layer, data preprocessing is performed by using polynomial proximal regressive 

imputation and Extreme normalized residual test for handling the missing data and removing the outliers.  

• Third, in the second hidden layer, feature selection is carried out employing Hockey-stick regression via Roger 

similarity statistical index for selecting the relevant features and eradicating the immaterial features.   

• Fourth, in the third hidden layer, Chatterjee correlation coefficients are used for precise crop prediction. Stochastic 

adaptive moment algorithm and horse herd optimization are applied for hyperparameters by minimizing the error rate. 

• Finally, in the output layer, using Softmax as the activation function, accurse multi class crop prediction results are 

obtained for prediction of crop recommendation.  

 

4.2 Implementation Results  

The PREMOD-AI model is comprehensively observed to estimate its effectiveness in crop prediction. The evaluation 

includes several core stages, including data collection, preprocessing, feature selection, and classification, utilizing 

the crop recommendation dataset taken from Kaggle repository. First, the 18000 data sample data are collected from 

the dataset is shown in figure 4 for evaluating the performance of PREMOD-AI model 

 
Figure 4 sample data collection from the dataset 

 

The class distribution of 18,079 instances labeled data samples, which are distributed among 40 distinct categories. 

This class distribution ensures that the model receives a representation of data samples.   
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Figure 5. Class Distribution Of Dataset 

 

The bar chart displays the class distribution of 40 categories of crop. On the x-axis, the 40 class labels are represented. 

The y-axis indicates the count of samples for each class.  

 

After data collection, preprocessing steps is employed, including handling missing values and eliminating outliers. 

Initially, the total dataset size is 782 KB, which was reduced to 776 KB after preprocessing. The preprocessing results 

are shown in figure 6. 

 
Figure 6. Data Preprocessing 

 

The PREMOD-AI model focuses on identifying relevant input features that enhance the accuracy of crop 

recommendation. To achieve this, itHockey-stick indexed regression to select 6 key features which has similarity 

score close to ‘1’ from the 8 features. The heatmap and selected features demonstrated in figure 7 and 8.   
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Figure 7Heatmap Similarities Between The Features 

 

 
Figure 8 Selected 6 features 

 

Finally, the crop classification is carried out in figure 9 using Chatterjee correlation coefficients.  The method is trained 

using 6 selected relevant features from data samples to classify the different crops, thereby minimizing the 

classification error. 

 
Figure 9 Crop Prediction 
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5. PERFORMANCE COMPARISON ANALYSIS  

 In this section, the performance of the proposed PREMOD-AI model is evaluated and compared with existing 

approaches IDBN [1], GTODL-CRYPM [2] andTabNet [4]. The assessment is carried out using several metrics, 

including accuracy, precision, recall, F-score, RMSE and crop recommendation time. The results are summarized in 

tables and illustrated through graphs to facilitate comparison. 

 

5.1 Evaluation metrics  

The evaluation measures employed to evaluate multiclass classification in crop prediction are as follows.  

Accuracy: It refers to the proportion of data samples that are correctly identified as specific crop to the number of 

samples taken as input from the dataset. The metric is computed using the following formula 

  𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = (
  𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑻𝑵+𝐹𝑃+𝐹𝑁
) ∗ 100        (27) 

Where, True Positives (TP) refers to data samples correctly detected specific crop type. while True Negatives (TN) 

represents refer to data samples where the model correctly recognizes that a particular crop type is not present. False 

Positives (FP) occur when samples is incorrectly detected predicts a crop type resulting in false alarms. Finally, False 

Negatives (FN) represents the data samples where the model correctly recognizes that a particular crop type is not 

present. The accuracy is measured in percentage (%). 

Precision: It is measured by the proportion of correctly classified positive data samples (true positives) out of data 

samples predicted as positive, which includes both true positives and false positives. The precision of crop 

classification is expressed as follows, 

𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 =   (
𝑻𝑷

𝑻𝑷+𝑭𝑷
) ∗ 𝟏𝟎𝟎 (28) 

Where, 𝑇𝑃represents the true positive, 𝐹𝑃indicates the false positive.  

Recall: it also referred to as sensitivity, computes the ability of a model to correctly identify specific crop types. It is 

mathematically calculated by measuring the number of true positive predictions by the sum of true positives and false 

negatives. The formula for recall is expressed as follows: 

𝑹𝒆𝒄𝒂𝒍𝒍 =   (
𝑻𝑷

𝑻𝑷+𝑭𝑵
) ∗ 𝟏𝟎𝟎 (29) 

Where,𝑇𝑃represents the true positive, 𝐹𝑁indicates the false negative.  

F1score: It alsoknown F-measure measured as the harmonic mean of both precision as well as recall. It is 

mathematically computed as follows 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ∗ (
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
)   (30) 

Root Mean Square Error: It measured as the ratio of the difference between the actual predicted outcomes and 

observed results to the total number of data samples.  Therefore, root mean square error is calculated by using 

following expression,  

𝑅𝑀𝑆𝐸 = [√
(𝑌𝑎𝑐𝑡𝑢𝑎𝑙−𝑌𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛)

2

𝑛
]   (31) 

Where, 𝑅𝑀𝑆𝐸 represents a root mean square error, 𝑌𝑎𝑐𝑡𝑢𝑎𝑙symbolizes the actual prediction results𝑌𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 

represents a predicted output.  

Matthews Correlation Coefficient (MCC): It is a balanced evaluation metric that considers true positives, true 

negatives, false positives, and false negatives in crop prediction. It provides a particular score to price the quality of 

multiclass crop prediction.  

𝑴𝑪𝑪 =
(𝑇𝑃∗𝑇𝑁)−(𝐹𝑃∗𝐹𝑁)

√(𝑇𝑃+𝐹𝑃)(𝑇𝑃+𝐹𝑁) (𝑇𝑁+𝐹𝑃)(𝑇𝑁+𝐹𝑁)
    (32) 

Where, 𝑀𝐶𝐶  denotes a Matthews Correlation Coefficient, true positive ‘𝑇𝑃’ and the false negative ‘𝐹𝑁’, and false 

positive rate ‘𝐹𝑃’, true negative ‘𝑇𝑁’.  

R² score: It also known as the coefficient of determination is a numerical metric used to calculate the performance of 

crop prediction outcomes.  It is also defined as the ratio of the residual sum of squares between the actual and predicted 

crop to the total sum of squares. 

𝑅2 = 1 −
(𝑌𝐴𝑐𝑡𝑢𝑎𝑙−𝑌𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛)

2

(𝑌̂−𝑌𝐴𝑐𝑡𝑢𝑎𝑙)
2     (33) 

Where, 𝑹𝟐denotes coefficient of determination, 𝒀𝑨𝒄𝒕𝒖𝒂𝒍 denotes the actual results of crop prediction,𝒀𝒑𝒓𝒆𝒅𝒊𝒄𝒕𝒊𝒐𝒏 

denotes a predicted results of crop, 𝒀̂ denotes a mean of actual value. 

Crop recommendation time: This metric represents the total amount of time required by the algorithm to find the 

most suitable crop recommendations across all data samples. It is quantitatively measured using the following 

mathematical expression,  

  𝐶𝑃𝑅𝑇 = ∑ 𝐴𝑆𝑖
𝑛
𝑖=1 ∗  𝑇 [𝑆𝐶𝐶](34) 
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Where, 𝐶𝑃𝑅𝑇represents a crop recommendation time, 𝐴𝑆𝑖 indicates a number of instances or data samples, 

𝑇 [𝑆𝐶𝐶]indicates a time for crop prediction. It is measured in milliseconds (ms). 

 

5.2 EVALUATION OF RESULTS 

This section outlines the experimental assessments obtained using the proposed PREMOD-AI model against other 

deep learning algorithms. These results obtained explicitly illustrate that the PREMOD-AI model outperforms the 

other algorithms evaluated.  

 

Table 4 comparison of accuracy versus data samples 

Number of  

data samples  

Accuracy (%) 

Proposed 

PREMOD-AI 

Existing IDBN 

[1] 

Existing GTODL-

CRYPM [2] 

Existing TabNet [4] 

1800 95.55 92.22 90 88.88 

3600 95.53 92.2 89.56 88.43 

5400 95.45 92.18 89.42 88.12 

7200 94.88 92.15 89.41 88.09 

9000 94.74 92.32 88.88 87.76 

10800 95.68 92.63 89.45 88.09 

12600 95.71 92.45 89.23 88.15 

14400 95.66 92.33 89.41 88.37 

16200 95.37 92.41 89.63 88.65 

18000 95.35 92.11 89.42 88.31 

 

 
Figure 10 Graphical illustration of accuracy 

 

Table 4 and Figure 10 present a graphical depiction of crop prediction accuracy results observed by applyingfour 

methods namely PREMOD-AI model is evaluated and compared with existing approaches IDBN [1], GTODL-

CRYPM [2] and TabNet [4]. As revealed in Figure 10, the horizontal axis represents the number of data samples, 

collected from the dataset ranging from 1800 to 18000, while the vertical axis represents the crop prediction accuracy. 

Among the four methods, the outcomes of the PREMOD-AI model demonstrateconsiderable improvement compared 

to the existing deep learning methods. For example, when considering1800 data samples in the first run, the 

PREMOD-AI model achieved an accuracy of 95.55%. In contrast, the prediction accuracy of the existing models [1] 

[2] and [4] were observed to be92.22% and 90% and 88.88% respectively. Similarly, tenvarious sets of results were 

evaluated for each deep learning method along with the different number of data samples. The overall observed results 

of the PIPR-TOTL model were then compared to those of the existing methods. The comparative analysis of the ten 

results demonstrated that the crop prediction accuracy of the PREMOD-AI model improved by 4%, 7% and 8% over 



Genetics and Molecular Research 25 (14s): 2026               20 

[1] [2] and [4], respectively. This improvement is achieve due to the application of Chatterjee correlation coefficient 

which analyzes the training and testing data samples in the hidden layer of the deep belief model resulting it enhances 

the accuracy. Based on correlation coefficient, accurately are predicted with better accuracy. Moreover, the fine-tuning 

process of the proposed deep learning model utilizes horse herd optimization to reduce classification error by 

increasing the true positive and true negative rates, while decreasing the false positives and false negatives in the more 

accurate crop predictions. 

 

Table 5 comparison of Precisionversus data samples 

Number of  data 

samples  

Precision (%) 

Proposed 

PREMOD-AI 

Existing  

IDBN [1] 

Existing  

GTODL-CRYPM [2] 

Existing TabNet [4] 

1800 95.61 92.92 91.22 90.39 

3600 95.57 92.85 91.18 90.08 

5400 95.45 92.74 91.12 89.78 

7200 95.36 92.36 90.26 89.37 

9000 95.88 92.45 90.57 89.44 

10800 95.36 92.37 90.63 89.65 

12600 95.41 92.21 90.44 89.23 

14400 95.05 92.45 90.33 89.08 

16200 95.74 92.63 90.08 89 

18000 95.33 92.11 90.64 89.23 

 

 
Figure 11 Graphical illustration of precision 

 

Table 5 and Figure 11 illustrate the graphical illustration of precision regarding the number of data samples collected 

from the dataset ranges from 1800 to 18000. The overall performance of precision in crop recommendation is 

calculated using four deep learning methods namely PREMOD-AI model, IDBN [1], GTODL-CRYPM [2] and 

TabNet [4].The horizontal axis represents the number data samples, while the perpendicular axis of the graph 

designates the overall precision performance. Let us consider 18000 samples for computing the precision.  In order to 

apply the PREMOD-AI model achieved a precision of 95.61%, while the existing methods [1] [2] and [4] observed to 

be 92.92%, 91.22% and 90.39%, respectively. Similarly, different precision results were observed regarding various 

counts of input data samples. Finally, the observed results of PREMOD-AI model are compared to the existing 

methods [1] and [2]. The average of ten comparison results indicates that the PREMOD-AI model shows an 

improvement in precision of approximately 3% over method [1] and around 5% over method [2] and 7% over method 

[4].This enhanced performance of PREMOD-AI model is achieved by integrating the convolutional deep belief 

network in combination with the Chatterjee correlation coefficient for data analysis based on feature assessment. 
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Moreover, Fine-tuning layers of the deep learning model is donethrough the integration ofHorse herdoptimization 

algorithm to minimize the training and validation errors. This approach efficiently enhances performance of precision 

by increasing the true positive rate while reducing false positives in crop prediction. 

 

Table 6 comparison of recallversus data samples 

Number of  data 

samples  

Recall (%) 

Proposed 

PREMOD-AI 

Existing  

IDBN [1] 

Existing  

GTODL-CRYPM [2] 

Existing  

TabNet [4] 

1800 97.32 94.59 92.85 92 

3600 97.25 94.46 92.78 91.68 

5400 97.11 94.33 92.36 91.53 

7200 97.08 94.23 92.44 91.58 

9000 97.36 94.35 92.36 91.42 

10800 97.25 94.28 92.55 91.66 

12600 97.09 94.48 92.69 91.75 

14400 97.33 94.66 92.78 91.82 

16200 97.28 94.35 92.62 91.72 

18000 97.22 94.41 92.77 91.65 

 

 
Figure 12 Graphical illustration of recall 

 

Table 6 and Figure 12 illustrate an overall comparison analysis of recall performance along with the number of climate 

and soil related data samples collected from the dataset. The PREMOD-AI model exhibits higher recall performance 

in crop prediction compared to the existing approaches [1] [2] and [4]. For example, with 1800 data samples, 

PREMOD-AI model achieved a recall of 97.32%, while methods [1] [2] and [4] observed to be 94.59%, 92.85% and 

92%, respectively. Similarly various performance results were observed according to different counts of input 

samples. The    experimental analysis shows that the average recall of PREMOD-AI model improved by approximately 

3% compared to [1] and 5% compared to [2] and 6% compared to [4].The superior performance of the PREMOD-AI 

model is achieved due to the fine-tuning process applied within the deep learning framework. By utilizing a 

convolutional deep belief approach, the model minimizes the classification error between predicted and actual 

outcomes in multiclass output through optimal weight adjustment using the horse herd optimization algorithm. This 

procedure iterated continue until the error gets minimized, resulting in lesser false negatives and an increase in true 

positives for precise crop prediction in agriculture sector. . 

 

Table 7Comparison of F1scoreversus data samples 

Number of  data 

samples  

F1 score (%) 

Proposed 

PREMOD-AI 

Existing  

IDBN [1] 

Existing  

GTODL-CRYPM [2] 

Existing  

TabNet [4] 

1800 96.45 93.74 92.02 91.18 
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3600 96.40 93.64 91.97 90.87 

5400 96.27 93.52 91.73 90.64 

7200 96.21 93.28 91.33 90.46 

9000 96.61 93.39 91.45 90.41 

10800 96.29 93.31 91.57 90.64 

12600 96.24 93.33 91.55 90.47 

14400 96.17 93.54 91.53 90.42 

16200 96.50 93.48 91.33 90.33 

18000 96.26 93.24 91.69 90.42 

 

 
Figure 13 Graphical illustrations of F1 score 

 

Table 7 and Figure 13 present a performance assessment of F1 scores obtained using four methods namely the 

proposed PREMOD-AI model, IDBN [1], GTODL-CRYPM [2] and TabNet [4]. To facilitate a widespread analysis, 

varying counts of data were used as input, ranging from 18,000 to 18,000. For each input data, the F1 score was 

calculated for all four models, and the results are summarized. The results designate that the proposed PREMOD-AI 

model consistently outperforms conventional deep learning models in terms of F1 score. Each method was estimated 

over ten independent runs to achieve better F1 measurements. The analysis demonstrates that PREMOD-AI 

modelachieves superior F1 score performance across all experiments. On average, over the ten runs, PREMOD-AI 

model showed an improvement of approximately 3% over method [1] and 5% over method [2] and 6% over method 

[4].  The improved performance is achieved due to the efficient application of a deep learning framework, which 

enhances the F1-score by achieving an optimal balance between precision as well as recall. This balanced performance 

enables more reliable and consistent classification of multiple crops in agriculture sector. 

 

Table 8Comparison of RMSEversus Data samples 

Number of  data 

samples  

RMSE 

Proposed 

PREMOD-AI 

Existing  

IDBN [1] 

Existing  

GTODL-CRYPM [2] 

Existing TabNet [4] 

1800 0.104 0.183 0.235 0.262 

3600 0.074 0.13 0.174 0.192 

5400 0.061 0.106 0.143 0.161 

7200 0.060 0.092 0.124 0.14 

9000 0.055 0.080 0.117 0.129 

10800 0.041 0.070 0.101 0.114 

12600 0.038 0.067 0.095 0.105 
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14400 0.036 0.063 0.088 0.096 

16200 0.036 0.059 0.081 0.089 

18000 0.034 0.058 0.078 0.087 

 

 
Figure 14 Graphical illustrations of RMSE 

 

Table 8 and Figure 14 illustrate theperformanceoutcomes of RMSE in multiple crop classification versus the number 

of data samples, ranging from 1800 to 18000. Four methods were employed for computing the RMSE in crop 

recommendation namely the PREMOD-AI model and existing deep learning model IDBN [1], GTODL-CRYPM [2] 

and TabNet [4].As exposed in Figure 14, the horizontal axis represents the number of data samples, while the vertical 

axis indicates the RMSE. The experimental results indicate that the proposed PREMOD-AI model consistently 

achieves minimal RMSE values compared to the three existing approaches for crop classification. Let us consider an 

initial experiment with 1800 data samples, the PREMOD-AI model recorded an RMSE of 0.104, whereas methods 

[1] [2] and [4] produced RMSE values of 0.183, 0.235 and 0.262, respectively. Overall, the results reveal that the 

PREMOD-AI model reduces overall performance of RMSE by 40% in comparison with [1] and by 57% relative to 

[2] and 61% in comparison with [4]. This performance improvement is mainly achieved due to the model’s effective 

use of the stochastic adaptive moment algorithm for fine-tuning the hyperparameters of the convolutional deep belief 

network classifier. By reducing the error at the output layer, horse herd optimization strategy considerably improves 

the accuracy of crop prediction. 

 

Table 9. Comparison of MCCversus Data samples 

Number of  

data samples  

MCC 

Proposed 

PREMOD-AI 

Existing  

IDBN [1] 

Existing  

GTODL-CRYPM [2] 

Existing TabNet [4] 

1800 0.905 0.834 0.786 0.761 

3600 0.904 0.832 0.785 0.758 

5400 0.903 0.828 0.784 0.756 

7200 0.902 0.833 0.782 0.753 

9000 0.905 0.835 0.786 0.755 

10800 0.906 0.837 0.788 0.759 

12600 0.907 0.834 0.789 0.763 

14400 0.906 0.833 0.786 0.761 

16200 0.905 0.837 0.785 0.752 

18000 0.904 0.838 0.784 0.75 
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Figure 15 Graphical illustrations of MCC 

 

Table 9 and Figure 15 illustrate the Matthews Correlation Coefficient (MCC) values obtained using the proposed 

PREMOD-AI model in comparison with existing classification methods. The MCC is a comprehensive metric that 

accounts for true and false positives and negatives, making it specifically useful for estimating the classification 

performance. In the figure, the x-axis represents the number of data samples, while the y-axis shows the corresponding 

MCC values calculated using 18,000 samples. The results indicate that the PREMOD-AI model consistently 

outperforms the other approaches, achieving higher MCC scores across all sample sizes. Specifically, consider the 

1800 samples, thePREMOD-AI model achieved an MCC of 0.905, whereas method [1] achieved 0.834 and method 

[2] scored 0.786 and method [4] scored 0.761. These findings demonstrate the PREMOD-AI model ability to offer 

accurate crop classification results and efficiently reduce false predictions. The marked improvement in MCC 

underscores the robustness and reliability of the proposed PREMOD-AI model for crop prediction.The average of ten 

results indicate that the proposed PREMOD-AI model increases the MCC by approximately 8%, 15% and 20% 

compared to the existing techniques 

 

Table 10. Comparison of R² scoreversus Data samples 

Number of  

data samples  

R² score 

Proposed 

PREMOD-AI 

Existing  

IDBN [1] 

Existing  

GTODL-CRYPM [2] 

Existing TabNet [4] 

1800 0.926 0.896 0.885 0.874 

3600 0.922 0.895 0.882 0.87 

5400 0.921 0.887 0.881 0.868 

7200 0.923 0.884 0.88 0.866 

9000 0.925 0.883 0.874 0.863 

10800 0.928 0.885 0.876 0.865 

12600 0.926 0.882 0.872 0.861 

14400 0.924 0.886 0.877 0.864 

16200 0.926 0.884 0.875 0.862 

18000 0.925 0.884 0.874 0.861 
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Figure 16 Graphical illustrations of R² score 

 

Table 10 and Figure 16 show the performance of R² scores of the data sample size, which ranges from 1800 to 18,000. 

The x-axis represents the number of data samples, and the y-axis indicates the R² values obtained by each model. The 

proposed PREMOD-AI model is compared with three existing methods, [1] [2] and [4]. Across all sample sizes, the 

PREMOD-AI model consistently achieves higher R² scores. For example, at a sample size of 1800, the PREMOD-AI 

model attains an R² of 0.926, whereas methods [1] [2] and [4] reached 0.896, 0.885 and 0.874 respectively. Over ten 

independent trials, PREMOD-AI model shows an average improvement of approximately 4% over [1], 5% over [2] 

and 7% over [4]. This performance enhancement is due to the integration of the stochastic adaptive moment algorithm 

for fine-tuning the hyperparameters. By minimizing the prediction error at the output layer, horse herd optimization 

approach also significantly enhances the accuracy of crop prediction. In this context, an R² value closer to 1 indicates 

a strong predictive capability. 

 

Table 11Comparison of crop recommendation Timeversus Data samples 

Number of  data 

samples  

crop recommendation time (ms) 

Proposed 

PREMOD-AI 

Existing  

IDBN [1] 

Existing  

GTODL-CRYPM [2] 

Existing  

TabNet [4] 

1800 54 64.8 70.2 80.5 

3600 60.5 68.9 75.8 80.2 

5400 65.8 75.8 80.5 83.4 

7200 68.2 80.2 85.6 86.7 

9000 75.8 83.6 88.6 90.3 

10800 78.2 88.9 92.8 94.2 

12600 85.6 92.6 97.5 103.5 

14400 88.4 95.8 102.5 106.7 

16200 90.2 98.2 109.6 112.6 

18000 95.7 105.4 115.2 124.5 
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Figure 17 Graphical illustrations of crop recommendation time 

 

Table 11 and Figure 17 illustrates the performance analysis of crop recommendation time using the proposed 

PREMOD-AI model and existing deep learning model IDBN [1], GTODL-CRYPM [2] and TabNet [4]. The detailed 

plots crop recommendation time against the number of input data samples, ranging from 1800 to 18000. As the number 

of data sample increases, the crop recommendation time for all four methods increases accordingly. The x-axis 

indicates the number of samples collected from the dataset, while the y-axis indicates the corresponding crop 

recommendation time. In an experiment with 18000 data samples, the PREMOD-AI model achieved a computation 

time of 54𝑚𝑠, while methods [1] [2] and [4] observed a recommendation time of 64.8𝑚𝑠, 70.8𝑚𝑠and 

80.5𝑚𝑠respectively. Among four methods, the PREMOD-AI model constantly decreases the crop recommendation 

time by 11%, 17% and 21% compared to the three existing models. This effectiveness is achieved due to its pre-

processing and feature selection process, which integrates into the layers of convolutional deep belief network 

architecture model. Polynomial proximal regressive imputation process is applied to handle missing data in a given 

dataset and Extreme normalized residual test applied for outlier removal. Moreover, the Hockey-stick indexed 

regression based feature selection process is carried out in PREMOD-AI model constantly to select the more relevant 

features to minimize to time consumption crop prediction.  Overall, the analysis confirms that the PREMOD-AI model 

reduced computation time in crop recommendation.  

 

5.3 Ablation study  

The ablation study is carried out in Convolutional Deep Belief Networks(CDBN) to find out the contribution of 

preprocessing, feature selection and classificationimplemented to enhance overall performance. CDBN is carried out 

to perform efficient crop recommendation. CDBN is combined with the preprocessing (polynomial proximal 

regressive imputation and Extreme Normalized Residual Test Statistic),feature selection (Hockey-stick indexed 

regression), classification (Chatterjee correlation coefficients), and optimization (horse herd). The assessment is 

carried out to improve the crop recommendationaccuracy with minimum time consumption. 

 

Table 12 Ablation Study 

Methods/Name  Crop recommendation dataset 

Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F-score RMSE Crop 

recommendation 

time (ms) 

MCC R² score 

 

CDBN 93.25 92.84 95.42 94.64 0.074 89.65 0.78 0.8 

CDBN+ 

polynomial 

proximal 

regressive 

imputation, 

93.78 92.96 95.83 94.78 0.071 86.68 0.82 0.83 
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Extreme 

Normalized 

Residual Test 

Statistic 

CDBN+ Hockey-

stick indexed 

regression 

94.05 93.42 96.15 94.89 0.068 83.45 0.85 0.84 

CDBN+ 

Chatterjee 

correlation 

coefficient 

94.32 93.65 96.33 95.09 0.064 80.32 0.89 0.86 

CDBN+ horse 

herd 

optimization 

94.65 93.87 96.54 95.21 0.057 77.85 0.86 0.88 

Proposed model 94.88 94.17 96.85 95.34 0.051 74.55 0.89 0.91 

Table 12 shows the ablation performance for crop recommendation dataset. CDBN model achieved accuracy of 

93.25%respectively. The proposed PBOIDCL method attained higher accuracy of 94.88%, precision of 94.17%, and 

recall of 96.85% and F-score of 95.34% oncrop recommendation dataset. Also, the proposed PBOIDCL method of 

RMSE, time, MCC and R² score is reduced by 0.051, 74.55ms, 0.89 and 0.91. The experimental results show the 

efficiency of PREMOD-AI model than other methods.  

 

5. DISCUSSION 

Proposed PREMOD-AI is an artificial intelligence (AI) that helps farmers pick the best crops to grow. It evaluates 

soil, weather, and water data. This allows farmers to save money, increase crop yields, and use fewer resources. It 

provides fast, accurate crop recommendations for smart farming. It uses advanced algorithms to correctly identify the 

best crops to plant with higher accuracy.It gives advice in real-time, which helps farmers make quick choices. It lowers 

waste by using data to guide planting choices.The time complexity is very low by using AI. 

From result analysis, the proposed PREMOD-AI attains strong crop recommendation classification performance with 

high accuracy, precision, recall and minimum time. The classification results are used for smart agriculture in real-

time application. The proposed PREMOD-AI method helps the agriculture professionals for crop recommendation 

with minimum resources. PREMOD-AI method is used in crop monitoring systems for timely efficient crop 

recommendation. The key issue of PREMOD-AI method is not reduced the space complexity while collecting and 

storing data samples. PREMOD-AI method is not tested for remote monitoring systems. 

 

6. CONCLUSION  

In this article, a novel PREMOD-AI model is developed for accurate crop recommendation. It helps the farmer to find 

the appropriate crop and its expected yields. The proposed PREMOD-AI model introduces a novel hierarchical 

discriminative AI, which aims to offer rapid and accurate prediction of crop. The method initiates by preprocessing 

the raw datasets and choosing the more relevant features, improving crop recommendation efficiency while 

minimizing the time consumption. Next, classification model is employed to analyze both training and testing data 

based on correlation coefficient for accurately distinguishing the multiple crops. Finally, thePREMOD-AI model 

utilizes fine-tuning to reduce error rates in multiclass crop classification, thereby increasing the accuracy. A 

comprehensive assessment was conducted using several performance metrics, including accuracy, precision, recall, 

F1-score, RMSE, crop recommendation time analysis across different data samples. The quantitative analyzed results 

demonstrate that the PREMOD-AI model outperforms traditional deep learning methods, achieving higher 95% of 

accuracy, 95% of precision and 96% of F-score and 97% of recall in crop recommendation and minimizing the 76ms 

of time. But, the proposed method was not considered for larger datasets, real-time agricultural deployment, and 

integration with IoT-based smart farming systems. In future work, the proposed method will be employed to apply 

novel AI and optimization for vast dataset to predict apt crop. Also, the real-world test will be conducted for weather 

changes and soil differences. In addition, proposed method will be combined with IoT sensors. IoT uses small tools 

in the field to collect real-time data on the weather and soil. 
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