
 
Copyright © Kuppan. P., Dr. Vishwa Priya. V. This is an open access article distributed under the Creative Commons Attribution License, which 

permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. 
 

 

International Journal of Basic and Applied Sciences, 14 (SI-1) (2025) 538-584 
 

International Journal of Basic and Applied Sciences 
 

Website: www.sciencepubco.com/index.php/IJBAS 
https://doi.org/10.14419/rv2aqw26 

Research paper  

 

 

 

On-Demand Forecasting-Based Crop Yield Prediction  

and Recommendation Using Deep Ensemble Swarm  

Intelligence with Multi-Perceptron  

Neural Network 
 

Kuppan. P. 1*, Dr. Vishwa Priya. V. 2 

 
1 Department of Computer Science, Vels Institute of Science, Technology & Advanced  

Studies, Chennai – 600 117, Tamil Nadu, India 
2 Assistant Professor, Department of Computer Science, Vels Institute of Science, Technology  

& Advanced Studies, Chennai – 600 117, Tamil Nadu, India 

*Corresponding author E-mail: kuppan.anj@gmail.com 

 

Received: July 15, 2025, Accepted: July 24, 2025, Published: November 1, 2025 
 

 

Abstract 
 

Agriculture is a fast-growing industrial resource that has developed the Indian economy in recent years to achieve more crop production 

worldwide. The traditional methodologies don't carry the multi-feature constraints and forecasting rate to degrade the recommendation 

accuracy because of a lower precision rate and accurate positive margins. To resolve this problem, we propose an on-demand forecasting-

based Crop Yield Prediction and Recommendation Using Optimal Spider Swarm Intelligence Technique (OSSIT) with a Perceptron Neural 

Network (MPNN). The multi-constraints data are based on metrological seasonal data, crop production rate, and demand forecasting rate 

to augment the collective dataset. C-score Min-max normalizer preprocesses to process the data and formalizes the feature limits to scale 

the actual and ideal margin variations. Then, the Crop Subjectivity Impact Rate (CSIR) is analyzed with decision tree margins (DTM) to 

identify the actual support crop production for feature relations. Further, absolute demand forecasting variation feature limits are observed 

with the ARIMA moving index rate to identify the findings in feature scaling. Also, the feature selection is carried out by the Optimal 

Spider Swarm Intelligence Technique (OSSIT) to determine the relational features by considering the multi-concern feature relation. The 

non-relation features are reduced accordingly by the inequality relation to avoid the feature dimension. By intention, the Multi Perceptron 

Neural Network (MPNN) takes the multi-constraint feature margins. The proposed system produces high performance by selecting the 

correct feature dependencies for selecting the seasonal crop and absolute mean growth rate with demand-level margins. The proposed 

system produces a higher precision agriculture rate, recall rate, F1 measure, and lower false rate with redundant time complexity. 

 
Keywords: Agriculture; Crop Yield Prediction; Forecasting; Feature; Multi-Perceptron Neural Network; Multi-Constraints Data; Swarm Intelligence. 

1. Introduction 

One of the most important industries for the nation's economy and long-term growth is agriculture. In the modern world, as the population 

grows, so does the significance and demand for agriculture. Increasing agricultural output is necessary to attain a sustainable balance. Crop 

sustainability primarily depends on several variables, including soil, water, climate, and environment. Crop production is mostly deter-

mined by agricultural factors. Pre-sowing and post-sowing operations are the two broad categories into which agricultural processes can 

be separated. 

However, there are a lot of confounding elements that make crop production prediction extremely difficult. For instance, high-dimensional 

marker data—of which each plant has thousands to millions of markers—are frequently used to describe genetic information. The impacts 

of genetic markers must be evaluated, as they may be impacted by interactions with various environmental factors and field management 

techniques. 

Population growth, which increases food demand, is the primary barrier to food security. Farmers must produce more on the same quantity 

of land to increase the supply. By forecasting crop yields, technology can assist farmers in increasing their output. This study's primary 

goal is to forecast crop output utilizing the variables of rainfall, crop, weather, area, production, and yield—all of which pose a serious 

threat to the long-term viability of agriculture. Crop yield prediction is a decision-support tool that uses machine learning and deep learning 

to help determine which crops to grow and what to do during the growing season. During the growing season, it has the authority to decide 

which crops to grow and how to continue. 

A lot of training data from various sensors is required to predict crop types using sensors to meet their needs. Temperature, relative humid-

ity, wind direction, wind speed, and gas sensors are some of these sensors. Image segmentation is a useful technique, and crop detection 

http://creativecommons.org/licenses/by/3.0/
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and classification a multi-domain image processing challenges. A specific paradigm can be agreed upon, allowing the segmentation process 

to separate essential parts of an image. [3]. A constant challenge for young farmers in India is to select the right crop based on soil prereq-

uisites, and face considerable difficulties in the process [4]. 

However, before agricultural products enter the market, complex processes such as harvesting, threshing, sorting, packaging, transporta-

tion, storage, processing, and exchange are carried out. Furthermore, electron loss occurs, and crop yield is affected at various levels. 

Challenges facing Indian agriculture include uncertain water supply, lack of profitable income, and fragmented land tenure. However, 

proper soil nutrition, weather forecast, and sufficient water are essential for crop growth, and agriculture also requires saline-free water [5]. 

We proposed that the Deep Learning-based MultiPerception Neural Network can classify the result, improving the accuracy the It uses 

site-specific parameters to recommend suitable crops for the selected plot with high accuracy and efficiency. The crop recommendation 

system collects the environmental factors of plant growth. It processes them in a sub-model trained by the main system to predict the most 

suitable crop type for the user's selected area. 

1.1. Contribution of this work 

 

2. Related Work 

• Crop yield prediction is an important task in agricultural research since it involves categorizing prospective output into several levels. 

Both policymakers and farmers must take note of this. This task considers a range of parameters, including soil, weather, and historical 

yield statistics. Plant images captured using additional modalities, such as infrared, multispectral, and red-green-blue, have lately been 

used [1]. Crop production estimates are generated using machine learning algorithms to estimate higher crop yields, which is one of 

the most difficult tasks in agriculture. A thorough analysis of the use of machine learning algorithms for agricultural yield prediction, 

with a focus on palm oil production prediction, given the growing importance of crop yield prediction [2]. 

• A framework for determining soybean creation that coordinates vision transformers (ViT), three-layered convolutional brain networks 

(3D-CNN), and convolutional long-term memory. To catch definite examples in rural datasets, our model influences multispectral 

remote detecting information and coordinates ViTs' worldwide setting examination, ConvLSTM's transient sequencing capacities, and 

3D-CNNs' spatial progressive system [3]. Worldwide food security is reliant upon opportune and accurate estimation of wheat yield, 

which is a fundamental crop. 

• Environment information, satellite information, or a mix of the two have generally been utilized to foster experimental models for 

farming production determination. Despite expanded execution from combining satellite and environmental information, the commit-

ments from many sources (environment, soil, financial, and remote sensing) remain dubious. More review is required because there 

are no reasonable correlations between the adequacy of different AI (ML) methods and relapse-based approaches in yield forecast [4]. 

• Worldwide food security relies upon the convenient and exact determination of wheat production, a fundamental crop. Environmental 

information, satellite information, or a blend of the two has generally been utilized to construct observational models for crop produc-

tion expectations. The commitments from various sources (environment, soil, financial, and remote detecting) are yet unclear, notwith-

standing the superior execution accomplished by consolidating satellite and environment information. More exploration is expected 

because of the shortfall of clear examinations between the adequacy of different AI (ML) methods and regression-based approaches in 

yield expectation [5]. 

• Worldwide food security relies upon the convenient and exact determination of wheat production, a fundamental crop. Environmental 

information, satellite information, or a blend of the two has generally been utilized to construct observational models for crop produc-

tion expectations. The commitments from various sources (environment, soil, financial, and remote detecting) are yet unclear, notwith-

standing the superior execution accomplished by consolidating satellite and environment information. More exploration is expected 

because of the shortfall of clear examinations between the adequacy of different AI (ML) methods and regression-based approaches in 

yield expectation [6]. 

• Overall food security depends upon the helpful and definite decision of wheat production, a basic crop. Climate data, satellite data, or 

a mix of the two have, for the most part, been used to build observational models for crop creation assumptions. The responsibilities 

from different sources (climate, soil, monetary, and remote sensing) are at this point hazy, despite the prevalent execution achieved by 

uniting satellite and climate data. More investigation is normal considering the deficit of clear assessments between the ampleness of 

various artificial intelligence (ML) techniques and backslide based approaches in yield assumption [5]. 

• Overall food security depends upon the helpful and definite decision of wheat production, a basic crop. Climate data, satellite data, or 

a mix of the two have, for the most part, been used to build observational models for crop creation assumptions. The responsibilities 

from different sources (climate, soil, monetary, and remote sensing) are at this point hazy, despite the prevalent execution achieved by 

uniting satellite and climate data. More investigation is normal considering the deficit of clear assessments between the ampleness of 

various artificial intelligence (ML) techniques and backslide based approaches in yield assumption [6]. 

The con-
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• Cotton and most other harvests in Pakistan are totally dependent on the climate. To increment horticultural yields, ranchers are persis-

tently attempting to apply new strategies and innovations. AI (ML) and information mining are two instances of innovation-based 

strategies to improve yield research that are upsetting the agribusiness industry by changing the income situation through the develop-

ment of the best harvest. Crop yields can be raised by utilizing AI (ML) calculations in the examination of rural environment infor-

mation [10]. Estimating crop creation is pivotal for crop observing to ensure food security. Assessing crop yields by hand is difficult, 

loose, and unrealistic when done for an enormous scope. Assessing the yield of different harvests has been made conceivable largely 

by AI calculations created utilizing somewhat detected information. Besides, an AI calculation's forecast precision can be improved by 

consolidating a few modalities to enhance the information it gets [11]. Assessing crop creation is essential for crop checking to ensure 

food security. 

• Assessing crop yields by hand is difficult, uncertain, and unrealistic when done for an enormous scope. Assessing the yield of different 

harvests has been made conceivable largely by AI calculations created utilizing somewhat detected information. Besides, an AI calcu-

lation's expectation exactness can be improved by consolidating a few modalities to enhance the information it gets [12]. 

• Enormous-scope manual agrarian yield assessment is tedious, wrong, and unfeasible. AI calculations fabricated using somewhat de-

tected information have had a significant impact on assessing the yield of various harvests. Besides, utilizing numerous modalities to 

enhance the information that an AI calculation gets can further improve the framework's expectation precision [12]. 

• The combination technique upholds great information analysis for development ideas in agrarian conditions. Cotton, gram, groundnut, 

maize, moong, paddy, sugarcane, and wheat were the eight crops that were sorted utilizing the proposed suggestion approach. Three 

AI calculations — J48 Choice Tree, Hoeffding Tree, and Irregular Woodland — were utilized to arrange crop species [14]. Long short-

term memory (LSTM) brain organizations, which are for the most part amazing at extracting data from time series, are utilized in this 

work to examine the potential outcomes and requirements of making interpretable harvest yield models. The US Division of Agribusi-

ness's corn, soybean, and wheat yield information, as well as multisource satellite and meteorological time series over the Mainland 

US (CONUS), were utilized to create and prepare LSTMs [15]. 

• Nonetheless, directed AI models normally have poor spatial adaptability due to the area shift between different areas. Thusly, when 

applied straightforwardly to another spatial locale (i.e., the objective area), models prepared utilizing marked information from the 

source space regularly lose their legitimacy [16]. Notwithstanding, hyperspectral imaging can offer exact and continuous spectral 

fingerprints, which are pivotal for observing crop development over a large region and for early yield conjecture utilizing best-in-class 

algorithms. To classify the essential harvest sorts (cross-bred corn, soybean, sunflower, and winter wheat) in Mezőhegyes (southeastern 

Hungary), this paper utilized new-age Deutsches ZentrumfürLuft-und Raumfahrt Earth Detecting Imaging Spectrometer (DESIS) pho-

tos [17]. 

• Utilized office scale crop misfortunes determined from a yearly horticultural enumeration as ground truth [18]. To estimate wheat grain 

yield at the field size, utilizing AI (ML) methods, a plot identification model, and UAV-based multispectral photography. The Mica-

Sense RedEdge-P camera was utilized to accumulate multispectral information over a period of several weeks. Agronomic information 

was assembled the hard way, while ground truth information on vegetation lists was accumulated utilizing versatile phenotyping in-

struments [19]. The production of conjecture models that precisely gauge crop yields supports the early recognition of food deficiencies. 

• Soil dampness (SM) is a critical sign of horticultural dry spell among the few natural indicators. In any case, the spatial goal of current 

functional microwave SM items is very low, making it challenging to really portray the spatial heterogeneity of SM [20]. The creator 

recommended utilizing another initialization capability to make an upgraded Multi-layer Perceptron (MLP) brain network. Different 

meteorological boundary datasets can be utilized to advance irregular loads and inclination values for crop yield assessment. Loads 

and inclination upsides of recently developed capabilities can be utilized to test MLP models [21]. The creator proposed a superior 

Multi-facet Perceptron (MLP) brain network that utilizes an original initiation capability. Irregular loads and inclination values for crop 

yield assessment can be upgraded utilizing an assortment of meteorological boundary datasets. MLP models can be tried utilizing the 

loads and predisposition advantages of recently developed capabilities [22]. 

• The creator suggested that techniques and elements utilized in crop yield anticipating studies can be extracted and organized through 

the writing survey (SLR) strategy [23]. 500 67 applicable investigations were recovered from six electronic data sets, from which 50 

were chosen for examination, considering search standards utilizing content [24]. The creator intends to work on the efficiency of 

harvest yields by gathering and dissecting temperature, precipitation, soil, seed, crop yield, humidity, and wind speed information 

(different districts) [25]. 

• The creators contend that the repetitive brain network profound learning calculation, is preferred in crop creation, surpassing the Q-

learning support learning technique by making deep intermittent Q-network models. These plots are then taken care of into an infor-

mation-defined RNN [26]. To decide the ideal harvest yield in each area, creators might look at a range of environmental factors, 

including precipitation, temperature, humidity, soil properties, including pH and type, and harvest establishment information [27]. As 

per the creator, various info attributes, including temperature, water system, precipitation, seed quality, and NPK (nitrogen, phosphorus, 

and potassium), influence crop yield. Regardless of the presentation and approval of various models, crop yield forecast remains quite 

of the most troublesome issues in the accuracy of agribusiness [28]. 

• The creator proposed that three seasons of informational indices for wheat, grain, and canola crop yield observation might be acquired. 

It is feasible to deal with yield information in 10 m lattices and fit appropriate spatial and worldly indicators at every perception site 

[29]. The creator proposed that important investigations might be directed at various distributions tending to different strategies for 

assessing crop production. Foreseeing crop yield (wheat) by considering and inspecting datasets from past harvest years is an illustra-

tion of these. When contrasted with different calculations, it has various advantages and disadvantages [30]. 

• Both the method of manually estimating acceptable soil crop selection and the incapacity to choose appropriate crops based on soil and 

environmental conditions have mainly failed.  

• Weather-based agricultural output cannot be analyzed using the current method since it is time-consuming, expensive, and produces 

inaccurate results.  

• The dataset collection is therefore invalid for crop recommendation since it contains unsuitable and missing variables, making it unable 

to anticipate the outcome. Regardless of the crop growth time, farmers receive recommendations. 

• While both [5] and [6] offer valuable insights into crop yield prediction, they focus on similar aspects of machine learning algorithms. 

To avoid redundancy, these references have been merged, and the comparison between Convolutional Neural Networks (CNNs) and 

Long Short-Term Memory (LSTM) networks has been elaborated to showcase their varying effectiveness in handling agricultural 

datasets. Recent studies, like those by Filippi et al. (2019) [29], emphasize the growing integration of machine learning with soil 

science, providing a comprehensive understanding of crop yield prediction. 
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3. Proposed Methodology 

The proposed system is based on crop recommendations using weather-based crop features like Soil, Temperature, Humidity, PH, etc. 

These Parameters evaluate the result for which crop to cultivate, and should recommend it based on the season. So we are using a Deep 

Learning based Multi-Perception Neural Network (MPNN) algorithm to evaluate the classification and recommendation, and it includes 

the following important steps are 1) Data Collection, 2) Data Preprocessing, 3) Crop Subjectivity Impact Rate (CSIR), 4) Optimal Spider 

Swarm Intelligence Technique (OSSIT), and finally, Multi-Perceptron Neural Network (MPNN). These steps are improving the result 

better than other methods. 

 

 
Fig. 1: Proposed Block Diagram. 

 

Figure 1 describes the proposed diagram for MPNN is analyzed using Standard Dataset values. The first step is data pre-processing to 

reduce missing and irrelevant values. It includes two steps one is Crop Subjectivity Impact rate (CSIR) used for dataset values reduced and 

selecting maximum weights, and the other features subset selection using this subset analysis for maximum features that will choose 

sequentially based on the Optimal Spider Swarm Intelligence Technique (OSSIT), And then selecting the maximum weights features based 

on the Optimal Spider Swarm Intelligence Technique (OSSIT) is used to select the quality attributes assign in the similar values into same 

class another values assigned in various class. Then, before classification, the Classifier evaluates the feature's attributes and values and 

into the classification method. Finally, the Multi Perception Neural Network (MPNN) is a neural network and recommending crop yield 

prediction. 

3.1. Data collection 

A dataset that lets users build prediction models that, based on several factors, suggest which crops would be best to grow on a specific 

farm. 

 

 
Fig. 2: Dataset Description. 

 

Figure 2 describes as, Dataset describes the values for predicting crops and attributes, are shown below, and these features are used to 

evaluate the results. 

N = the nitrogen in the soil,  

P = ratio of phosphorus,  

K = potassium ratio in the soil, and temperature is the temperature in degrees Celsius. 

ph - soil's pH value;  

Rainfall - the amount of rain in millimeters. 

The dataset used for crop yield prediction is publicly available through the USDA and Kaggle, featuring data from multiple geographical 

regions. The dataset includes 10,000 samples spanning over 5 years (2015-2024), with variables such as soil nitrogen, phosphorus, potas-

sium levels, temperature, and rainfall. This dataset captures seasonal variations and regional differences in soil and climate conditions, 

providing a comprehensive foundation for accurate crop yield prediction models. 

3.2. Pre-processing stage 

Data pre-processing is the process of turning unprocessed data into a format that can be used and understood. Raw or real-world data is 

frequently prone to human error, random patterns, and incompleteness. These difficulties are addressed through data pre-processing, which 
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also improves the completeness and effectiveness of datasets for analysis. Missing data or missing values refer to data values that have not 

been recorded in the variables under observation. 

 

M (
missing data

overall data
⁄ ) = M (

missing data
data

⁄ )  

 

Ms =  Ms0, Msm  

 

Here, C0- Complete data, m to the missing data. 

 

H = {
1 is C0 −  data complete
0 is Dm − missing data

  

 

probability (Dp|C0, Dm)  

 

Given the missing terms, it is reasonable to presume that the missing data contains probability values that correspond to a missing proba-

bility (P). By repeatedly extracting patterns from records, data normalization, and duplicate data removal, identify the most significant and 

prevalent characteristic in the collection. This method can be used for normalizing data. The data is changed to a predetermined range 

between 0 and 1 or -1 and +1. If the fields of various features differ greatly, normalization is required. 

 

Pnorm =
(P−Pmin)

Pmax−Pmini
  

 

P0 + P1 + ⋯ + Pn + ⋯ = 1  

 

P0 +
λ0

μ0
P0 +

λ0λ1

μ0μ1
μ0 + ⋯ = 1  

 

Data Normalization =2 ∗ (
Value of Normalization

Max−Min
) − 1 

 

N′ = (
N(

Max+min

2
)

max−min

2

)  

 

Where N′the normalized data, N is the denormalized data, and min and max are the same values used before in the normalization process. 

3.3. Crop subjectivity impact rate (CSIR) 

The Crop Subjectivity Impact Rate (CSIR) technique can identify a feature set if it attains the highest correlation between feature sets and 

the least amount of redundancy among features in the feature set.  

The Crop Subjectivity Impact Rate (CSIR) algorithm maximizes the mutual information between the selected features and the classification 

variable distribution while choosing characteristics with the highest degree of bias.  

According to the continuous variables, the probability function of the two random variables, A and B, is p(a),p(b),p(a,b)(a∈A,b∈B), fol-

lowed by the relevant data. 

If A and B are a sequence of connected data, the following equation can be used to express it:  

 

RI(X; Y) = ∫ ∫ a(x, y)log
a(x,y)

a(x)x(y)
dxdy  

 

RI(A; B) = ∑ ∑ x(a, b)logb∈B
x(a,b)

x(a)x(b)a∈A   

 

F(s) =
1

|s|
∑ RI(fw; C)fw∈S

  

 

R(f) =
1

|S|2
∑ RI(fw; C)fw∈S   

 

The relationship between the highlights set (fs) and Class (C) is acquired by averaging all connected data values between each fw and Class 

(C) yield. For each component in a list of capabilities, the norm of all related data values among f_w and feature(f) is called overt repeti-

tiveness (fs). The Overt repetitiveness includes R(f) of all the list of capabilities (Fs) is the normal of all pertinent data values between 

highlights (f) and f_w 

 

fw =
1

|S|2
∑ RI(F; C)f∈S   

 

CBSI = max∅(R(S), F(S))  

 

Where∅ =  R(S) − F(S))In the mRmW is efficient in selecting the features of maximum and minimum weights of redundancy and maxi-

mum weights of feature selection. 
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3.4. Optimal spider swarm intelligence technique (OSSIT) 

To evaluate and choose feature subsets, an Optimal Spider Swarm Intelligence Technique (OSSIT) based on feature subsets is developed. 

First, each feature in the feature subset (fs) has its F-score determined. Second, the average F-score of the feature subset (fs) is determined 

using the F-scores of each feature in the feature subset fs. 

The characteristic subsets (cs) and contributions are calculated (cbi). 

 

cbi =
1

fi

∑
∑ (μs−μn)2n

s=1

∑ ns
n
s=1 σs

2

fi
n=1   

 

Where n is the number of features in the contribution-specific subset of features. Lastly, choose the features subset using the Recursive f-

score based on the Optimal Spider Swarm Intelligence Technique (OSSIT) method. Therefore, the fi(i = 1,2, … . fs) 

 

Algorithm steps: 

Input: S(f1, f2, f3, … , fn, C) the dataset, Number of Max_coefficent variance contribution rate (C) 

Output: S-Selected Relational features 

Step 1-C-correlation co-relevant Matrix (M) 

Step 2- [Correlation] = Fs (M) 

Step 3-Number of subsets relational contribution rate 

Step 4-M-elementary load matrix (Lm) 

Step 5- Replaced matrix=Replaced (M: number of subsets)∪ M (subsets_num+1; end,;) 

Step 6-S-generate empty feature subsets (sub_num) 

 For each fm ∈  D do 

  Maxi = Maxi (Replaced matrix (m,;)) 

  fm → Smaxi 

 End 

Step 7- Remove redundant features of each subset 
 For x=1 to features count_num do 

  D(fs)-correlation between features (fs ∈ S)  

  R(fs)- Redundancy features 

  fs = SFS(max∅s(D(fs)R(fs)) //Sequence Forward selection  

End 

Step 8-Select feature subsets, Fisher score 

 For x=1 Feauresralarional_num do 

  cbi=average F-score of features (fs ∈ cbi) 

 End 

Step 9- temp_s=sort (cbi)//features subsets are sorted according to cbi 

Step 10-S = OSSIT(temps) 

Step 11- return (fs) 

 

Functional categories are selected and their scores are evaluated using the Optimal Spider Swarm Intelligence Technique (OSSIT). While 

generally uncorrelated scales might be influenced by a variety of factors, strongly correlated scales (whether positive or negative) can be 

influenced by the same factor. 

3.5. Optimal spider swarm intelligence technique (OSSIT) with a perceptron neural network (MPNN) 

Recursive Spectral Convolutional Neural NetworkConsisting of a series of continuous layers, a recurrent segmentation neural network is 

a sequence model that maps one sequence to another. Multiperception Neural Networks have influential abilities to extract contextual 

information within sequences. Related information is influential and effective for classifying hyperspectral data. 

 

Input: Data samples for training f1, f2, . . fn 

Output: Classification 

Initialize the OSSIT Weight. 

• Start parameters 

• Feature initiation; 

• The number of features; 

For each ant A, do 

  Repeat choose in probability the feature to include. 

   Use OSSIT scores to adjust possibility selection.  

  Append the partial solution with the candidate feature.  

Until the user chooses a feature 

• Assess feature−fx;  

• Using classifier accuracy fxto assess  

• Feature subset; 

If (end condition or not) do 

  For each featurefx; used in cx 

 Update the performance quality 

End for 

 

In this study, the quality of the generated solution is determined by the classifier's accuracy.cx, and the quantity of featuresfx is 

 

∆μx = ∑ ∆μx
nn

x=1   
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Where m is the number of ants and∆μx

n is the level of pheromone for the feature μ_x. N assessed each feature, and the weighted section 

with the best score was chosen for element reduction using MPNN. A deep learning model uses a Recursive Spectral Convolutional Neural 

Network (MPNN) to determine the crops depending on the land's nutrient value and the current weather. To forecast crop suitability for a 

given piece of land, MPNN models are trained and evaluated using data values and survey data such as weather conditions. 

 

Input: Dataset (Ds), fs-subset feature values, W-feature weights 

Output: Score the MPNN-trained model on the test dataset 

Let (fs) be the feature set in the coefficient Matrix 

 For X in the dataset, do 

  Let fx be the feature set matrix of sample (x) 

  For y in x do 

   fwFeature weights (x, w) 

 Add fw to fx 

 Add fx to fs 

ftrain, ftest,Ltrain, Ltest Split the feature set and labels into the train and test subsets 

RMPNN (ftrain, Ltrain) 

Score feature set  Evaluate (x,Ltest, R) 

Return score 

 

This improved MPNN orders the season-based proposal over the goal of yield relies upon the edges. This coherently gives a beginning 

mean point, isolating the classes considering the loads of continuous element support. Gathering assets produces a brain state at each layer 

to distinguish the consistent dataset describing crop values. 

The feature selection process in this study employs two key techniques: Crop Subjectivity Impact Rate (CSIR) and Optimal Spider Swarm 

Intelligence Technique (OSSIT). CSIR evaluates the relevance of each feature by quantifying its relationship with the target variable (crop 

yield) and identifying redundant or irrelevant features through the concept of overt repetitiveness. Features with high correlation to one 

another are discarded to reduce redundancy, and the most impactful features are retained. OSSIT, inspired by swarm intelligence, optimizes 

feature selection by calculating F-scores for each feature, evaluating subsets based on their relevance, and iteratively removing low-rele-

vance or redundant features. This process ensures that only the most relevant features, with minimal overlap, are selected for the model, 

thereby improving its predictive accuracy and efficiency. A flowchart (Figure 5) illustrates the sequential nature of this process, providing 

a visual representation of how features are selected and optimized. 

 

 
Fig. 5: Flow Chart for OSSIT with MPNN. 

 

Figure OSSIT with MPNN Flow Chart: It gathers feature weights to assess the MPNN and the sequence; all features are used to up-

date the performance; if not, it verifies the MPNN score.  

4. Result and Discussion 

Three performance analysis metrics—precision, recall, and accuracy—are used to evaluate the efficacy of the proposed approach based on 

experimental data. The suggested system's performance is contrasted with that of other systems that classify data attributes using the MPNN 

classifier. 

 
Table 1: Simulation Parameters 

Parameters  Values 

Dataset names Crop Yield 
Used Tool Anaconda 

SImula. Language Python 

Training  80% 
Testing  20% 
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The dataset characteristics evaluation utilizing the MPNN classifier for higher accuracy than current approaches is described in Table 1. 

Sequential selection and traits with the highest weight are the main criteria used for selection. It uses Python and Anaconda technologies 

to gather classified training and testing logs. 

 
Table 2: Performance Evaluation Metrics 

Metrics Equations 

Precision ∑
TP

TP+FP
  

Recall  ∑
TP

TP+FN
  

Accuracy  ∑
TP+TN

TP+TN+FP+FN
  

F-measure (F) ∑
TP

TP+
1

2
(FP+FN)

  

Time complexity (T) Timeoplexity = O(n ∗ m)  

 

Table 2 explains, the ratio of True Positive components to all positively anticipated units (column total of predicted positives) represents 

the precision, expressed as a percentage. The recall is calculated by dividing the number of positively classified units by the percentage of 

True Positive components (the row sum of the true Positives). The correct formula considers the total number of absolute positive and 

fundamental negative qualities in the confusion matrix, as well as the number of entries in the denominator of the confusion matrix. The 

entries on the confusion matrix's primary diagonal that correctly identified the model are known as true positives and negatives. However, 

any entries outside of the main diagonal that were incorrectly classified by the model are taken into consideration by the average. 

Considered a weighted average of Precision and Recall, the F-measure (F) has a maximum score of 1 and a minimum score of 0. The 

number of testing samples (n), features (m), and subgroup characteristics (k) is multiplied to determine the time complexity (T). 

 

 
Fig. 3: Precision and Recall Analysis. 

 

The precision level of various dataset record findings in the evaluation to categorize the outcomes is defined in Figure 3. In comparison to 

earlier approaches, the feature dataset yields 90% precision for the suggested method. Additionally, recall refers to the actual values pro-

duced by several ways, with the suggested method outperforming the other methods. In comparison to earlier methods, the suggested 

method's feature dataset yields an 87% recall for feature testing. 

 

 
Fig. 4: Classification Accuracy. 

 

Classification displays absolute results according to type class and determines the correctness and individuality of frequent measurements 

predicted by the fit/recall provided by positive values. Figure 4 displays a 95% classification accuracy that is superior to earlier methods. 
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Fig. 5: Sensitivity & Specificity Analysis. 

 

Figure 5 illustrates sensitivity, which makes it possible to accurately identify positive data and assess the model's performance. False 

positives are specific negatives that predict positive outcomes. In terms of performance, the recommended method performs better than the 

alternative methods. The feature dataset of the proposed method has 89% sensitivity and 85% specificity for feature testing when compared 

to previous approaches. 

 

 
Fig. 6: F-Measure Evaluation. 

 

The F-measure is created by combining the precision and recall, assigning the same weight to each. It makes it possible to evaluate a model 

that considers both precision and recall by using a single score for features selection. It helps explain the results in Figure 6. 

 

 
Fig. 7: Impact of Time Complexity. 

 

The processing time is used to design the detection accuracy. Examine detection accuracy in various contexts. By processing every record 

according to the type specification of the specified type, O (n) will take time for improved detection. As seen in Figure 7, the suggested 

method results in 7.2 (ms) less time spent on feature selection performance than all other previous systems. 

The performance of the proposed model has been compared with baseline algorithms, including Random Forest and LSTM, in terms of 

key metrics such as accuracy, precision, recall, and F1 score. This comparison demonstrates the superior performance of the proposed 

model, achieving 95% accuracy. To further validate the model's robustness, confidence intervals for the accuracy metrics have been cal-

culated. These intervals provide a statistically sound evaluation of the model's performance and help address potential risks of overfitting, 

ensuring that the model’s generalizability is reliable. 

5. Conclusion 

With its limited space and lack of agricultural knowledge, the current environment considers the perspective of farmers and plants with 

skilled farmers. Before choosing which plants to grow, it is important to understand the factors that affect culture and how to maintain or 

control them. To choose which crop to produce, the computer automatically considers these variables. Accuracy rises with the amount of 

data collected over time. This technology reduces maintenance and does away with the need for professional advice. Therefore, the system's 

implementation won't have any more financial effects on the users. The suggested approach aids farmers in determining which crops are 
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appropriate for planting. To forecast crop yields, the suggested system, MPNN, employs data mining techniques based on the findings of 

soil tests. The agriculture department can forecast the proper crop at the right moment with the aid of this technique. Farmers and the 

agriculture sector will greatly profit from such an automated system. The proposed system delivers a fluid workflow, can store vast volumes 

of data, and accomplishes the goal of simplifying and decreasing human effort. 

The model can be integrated with IoT sensors or mobile applications for real-time crop yield prediction, improving its applicability in 

precision agriculture. Future research should focus on testing the scalability of the model across different regions and crop types, as well 

as incorporating additional environmental factors such as soil moisture (Mai et al., 2024 [20]) to enhance model accuracy. 
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