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Abstract: Yield prediction and crop recommendations require precise methodology to increase efficiency of land, 

agriculture production, and usage of sustainable methods. Current statistical or machine learning methods are 

inadequate when attempting to model nonlinear associations among climatic environment, soil conditions and 

suitability of a crop for that particular area. An Adaptive Mutation Swarm Optimization Based Multilayer Perceptron 

(AMSO-MLP) was developed to produce intelligent crop recommendations according to varying soils and 

environments. This new algorithm combines particle swarm optimization (PSO) with an adaptive mutation approach 

through optimization of the multilayer perceptron’s (MLPs’) weights and biases through PSO. As a result of this 

approach, convergence and prediction are increased in both accuracy and speed, while preventing premature 

convergence due to local optima. The AMSO-MLP model uses key agricultural components such as nitrogen (N), 

phosphorus (P), potassium (K), temperature, humidity, precipitation, and soil pH to identify the best crop that can be 

grown in these conditions. A benchmark data set containing agricultural features and was analyzed for accuracy 

through a 10-fold cross-validation analysis to demonstrate the effectiveness and strength of the results. Performance 

metrics included Precision, Recall, F1-Score, RMSE, MAE, and coefficient of determination (R2). The results 

demonstrate that the AMSO-MLP model is superior to existing neural network-based optimization approaches. The 

model achieved Precision of 0.989, Recall of 0.987, F1-score of 0.987, RMSE of 0.210, MAE of 0.125, and R² of 

0.964, indicating high predictive accuracy and stability. These findings highlight the effectiveness of the proposed 

hybrid optimization framework for data-driven crop recommendation and precision agriculture, providing a reliable 

decision-support tool for sustainable agricultural management. 

Keywords: Crop Prediction, Adaptive Mutation, MLP, PSO, AMSO-MLP 

 

1. Introduction 

Many factors influence crop yield including type 

of crop, soil quality, method of irrigation, the addition of 

fertilizer, sunlight, disease, and pests. Each of these 

factors play an essential part in the crop-growth process 

thus leading to complexity of yield prediction. However, 

yield estimates may be a crucial step towards the 

enhancement of crop traits and improvement of breeding 

strategies. Accurate estimates of both current crop 

yields and future crop yields is a necessity for reliable 

production [1]. Machine learning is an important tool that 

provides support for the decision making process in 

predicting crop yield. Machine learning assists decision 

making in regard to what crops to grow and what 

management practices to use when growing the crops. 

Many machine learning techniques have been utilized 

for agricultural yield prediction [2]. This study will 

investigate the possibility of an impact of the utilization 

of machine learning algorithms in modern farming 

practices. The intended use of these algorithms that 

recommend planting in agriculture is to increase crop 

yield and to decrease waste. To optimize crop farming, 

machine learning algorithms can rely on extensive 

agricultural datasets (climate, soil, crop growth stage, 

pests and diseases, etc.). Machine learning can provide 

farmers with accurate predictions of crop growth, yield, 

and quality based on historical data store [3]. To allow 

farmers to choose and grow the crop that provides the 

best opportunity of maximum profits, farmers must also 

have a level of understanding of the cultivation 

associated environmental factors and market factors. 

The model will also be able to analyze past market data, 

coupled with the environmental conditions, to predict 

future crop demand and better recommend dates and 

locations to plant [4]. Machine learning algorithms that 
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evaluate the color, texture, and shape of fruits and 

vegetables are able to classify the ripeness and quality 

of these products. Using this information during the 

harvesting process can improve the harvesting 

technique and deliver only the best quality products to 

consumers [5].  

While machine learning in agriculture is not 

without challenges, such as access to quality data, the 

generally high cost of sensors and other technologies, 

and the requirement of having specialists on each of the 

technologies to develop and utilize different solutions, 

the advantages of machine learning in agricultural 

production will become better defined. It is important to 

recognize, we are still early in the process of using 

machine learning in agriculture; our understanding of the 

educational and occupational opportunities that machine 

learning can provide will entail further investigation into 

the full extent of machine learning in agriculture. The 

initial results are encouraging, and it is likely that 

machine learning will take on a larger role in the 

upcoming future [6]. In the sectors of agro-environmental 

management and food security, being able to timely and 

accurately map crops and predict yield is extremely 

important. Remote Sensing (RS) data provides relative 

advantages over other sources of data to map crops and 

predict yield prior to harvest, due to its extensive 

coverage, rich spectral and spatial data, and potential for 

continuous collection and observation. While it can take 

time to gather a temporal record of the data, there are 

ways to advance the processing of data and deliver the 

information back to the practitioner. Machine-learning 

algorithms, particularly deep learning (DL) models, have 

demonstrated outstanding potential for understanding 

complex relationships between variables by 

automatically learning the complex features necessary 

for transplanting into intelligent crop mapping data and 

yield predictions. The application of DL algorithms in a 

range of RS models has resulted in extensive research; 

compared to other practices, the advantage of DL in crop 

surveillance and mapping is increasing [7].  

In general, using machine learning algorithms to 

gather and analyze quality information is valuable. 

Collecting data is crucial for achieving precise outcomes 

and generating reliable forecasts, both in terms of 

quantity and quality. Big data typically consist of size, 

speed, and other attributes. Due to their vastness, the 

data can produce thorough results and helps to reduce 

unpredictability. Furthermore, data from large-scale 

analyses ought to be better organized. A higher success 

rate in analysis can be attained by leveraging multiple 

datasets from different origins. Adequate data sources 

encompass a diverse array of inputs, such as sensors, 

social media platforms, digital networks, physical 

devices, the stock market, and healthcare institutions. 

Direct access pathways, online gathering, and APIs are 

available ways to obtain this data. Static datasets and 

stream data are the two types of data that exist. The data 

processing activities combine data from several 

platforms. Utilizing these gathered data for analysis 

increases the importance of preprocessing and data 

cleaning when applying machine learning algorithms. 

Large volumes of data from IoT sensors and other 

sources can be analyzed by machine learning 

algorithms. It's a fast-expanding field that could 

revolutionize how we forecast and evaluate crop 

productivity. Machine learning algorithms allow 

computers to learn from experience without being 

explicitly programmed. The algorithms involve using 

math and statistics to analyze data, and make 

predictions about future events [8]. Deep Learning Multi-

Layer Perceptron’s (DLMLP) are powerful tools for crop 

yield forecasting. For crop yield prediction, using remote 

sensing imagery, vegetation index produced from optical 

sensors provide early indication of crop yield. 

Additionally, developing strong, machine learning based 

crop yield forecasting models using soil health data 

measurement of soil quality will provide valuable results 

[9].  

Despite the limited amount of research on 

machine learning and deep learning applications in 

agriculture and the increasing use of these methods, 

there are a number of constraints that have affected the 

current research. Most research using these methods 

has experienced premature convergence, failure to 

adequately optimize the weights of the neural networks 

and no or only limited ability of the optimization 

algorithms being used to adequately explore the 

possibility of multiple optimized solutions. Conventional 

techniques of training multi-layered perceptron (MLP) 

models can fail to find the optimum global minimum or 

can become trapped in local minima when working with 

complicated agricultural data sets containing nonlinear 

and heterogeneous characteristics. To improve upon 

this use of PSO, standard PSO inherently can still 

become stagnant and lack diversity in later phases of the 

search process. In response to this current limitation, this 

study has developed an Adaptive Mutation Swarm 

Optimization-based (AMSO) model employing the multi-

layered perceptron (MLP) technique for predicting crops 

using soil and environmental factors. The unique method 

combines particle swarm optimization with a fitness-

based adaptive mutation method in such a way that will 

allow for better versatility and will minimize the risk of 

premature closing of the optimum MLP weights through 

enhanced exploration as free of convergence. With 

respect to the model, the employment of the adaptive 

mutation strategy involves dynamically changing the 

intensity of the mutation based upon both the fitness of 

the individual particles and the diversity of the whole 

particle group enabling enhanced search capability 

throughout the entire solution space while improving 

crop prediction capabilities significantly. This Paper has 

the following Major Contributions: 

1. A Hybrid Model of Adaptive Mutation Swarm 

Optimization (AMSO) and Multi-Layer 

Perception (MLP), which integrates MLP 
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learning together with Adaptive Mutation Swarm 

Optimization, to improve plant/crop prediction. 

2. A Fitness-Based Adaptive Mutation Strategy 

which improves upon the Exploration process 

Capability of a Conventional PSO when training 

a neural network. 

3. The Proposed AMSO-MLP Model was 

Developed, implemented and Tested using 

Historical Agricultural Data sets that contained 

Soil Nutrients and Environmental Conditions, in 

order to predict what the most suitable Outcome 

of a Crop will be. 

The results presented in this paper serve to 

illustrate the Effectiveness of the Proposed Optimization 

Framework through Extensive Experimental Validation, 

by Comparing to the results of State-of-the Art Machine 

Learning Models, Applied to the same Data sets. The 

Paper is further organized as follows: Section 2 Contains 

a Review of the Literature in Crop Prediction Machine 

Learning Techniques in Agriculture. Section 3 contains 

a Description of the Proposed AMSO-MLP and 

Experimental Setup. Section 4 provides a Discussion of 

Results and Performance Evaluation, and Section 5 

summarizes the Findings from this Study and Future 

directions for Research on this Topic. 

2. Related Works 

For many years crop yield forecasting has been 

the subject of a number of different studies, all of which 

employ various methodologies based upon historical 

and environmental variables. Yield forecasting models 

have typically evolved from statistical analysis looking at 

historical yield archetype data and examining the 

relationship of simple variables. Agricultural systems are 

very complex so many of the models developed so far 

do not adequately represent the levels of complexity 

associated with the relationships between multiple 

variables related to crop management practices, and 

also climate variables, and the physical condition of the 

soil.  

In order to illustrate how previous studies relate, 

Table 1 presents an overview of selected studies 

involving the prediction of corn yield, including an 

overview of their methodology, data sets, contributions, 

and limitations. The overall comparison indicates that 

existing approaches are primarily based on conventional 

machine-aided learning (MAL) and therefore 

necessitates that we develop an optimized version of the 

MAL model. 

 

Table 1. Comparison of Existing Crop Yield Prediction Studies 

S.No Author / Year Method / Model 

Used 

Data Source / 

Features 

Key Contribution Limitations 

1 Shilpa et al., 

2024 [10] 

IoT + Machine 

Learning 

Soil moisture, 

temperature 

sensors 

Real-time irrigation 

control and yield 

prediction 

Requires expensive 

sensor infrastructure 

2 Liu et al., 2013 

[11] 

Parallel Genetic 

Algorithm 

Land-use and 

agricultural 

planning data 

Optimized large-

scale land resource 

allocation 

Focused on land 

optimization rather 

than yield prediction 

3 Deepak, 2023 

[12] 

IoT + Machine 

Learning Models 

Environmental 

sensor data 

Improved winter 

crop yield prediction 

in local farming 

systems 

Limited geographical 

scope 

4 Kuradusenge 

et al., 2023 [13] 

Random Forest, 

Decision Tree 

Meteorological 

and soil health 

data 

Demonstrated 

superior 

performance over 

traditional statistical 

methods 

Computational 

complexity for large 

datasets 

5 Elbasi et al., 

2023 [14] 

Multiple ML 

Algorithms 

Historical crop 

and 

environmental 

data 

Improved prediction 

accuracy using ML 

models 

Model performance 

depends heavily on 

dataset quality 

6 Agarwal & 

Tarar, 2021 

[15] 

Hybrid ML + Deep 

Learning 

Agricultural 

production 

datasets 

Increased 

prediction accuracy 

compared with 

traditional models 

High computational 

cost 
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7 Maldonado et 

al., 2020 [16] 

ML + Biological 

agents 

Soil microbial and 

agricultural data 

Integration of 

biological agents 

with ML for 

productivity 

improvement 

Limited scalability 

8 Chaudhari, 

2024 [17] 

IoT + ML 

Framework 

Multi-source 

agricultural data 

Smart crop 

prediction system 

using real-time data 

Data integration 

challenges 

9 Hara et al., 

2021 [18] 

Artificial Neural 

Network (ANN) 

Remote sensing 

+ environmental 

data 

Modeled complex 

relationships 

between 

environmental 

factors and yield 

Training complexity 

and parameter tuning 

required 

10 Ndegwa et al., 

2023 [19] 

Integration of Soil 

Fertility and Water 

Management 

Soil fertility 

parameters and 

irrigation 

practices 

Improved crop yield 

through integrated 

soil and water 

resource 

management 

Requires continuous 

monitoring of soil and 

water parameters 

10 Shah et al., 

2024 [20] 

Review of Machine 

Learning 

Techniques 

Environmental 

and agricultural 

datasets 

Comprehensive 

review of ML 

algorithms for crop 

yield prediction and 

agricultural 

decision-making 

Mainly theoretical 

review; no new 

predictive model 

proposed 

11 Anbananthen 

et al., 2021 [21] 

Hybrid Decision 

Support System 

Multiple 

agricultural 

datasets 

Integrated several 

ML models to 

improve prediction 

accuracy across 

datasets 

Increased model 

complexity and 

integration 

challenges 

12 Provenzano & 

Sinobas, 2014 

[22] 

Technological and 

Management 

Approaches 

Irrigated 

agricultural 

systems 

Highlighted the role 

of innovative 

technologies and 

adaptive 

management 

practices for 

sustainable 

irrigation 

Lacks 

implementation of 

predictive ML models 

13 Saranya et al., 

[23] 

MapReduce 

Framework + 

Rocchio 

Classification 

Large agricultural 

datasets in 

Farmer Managed 

Irrigation 

Systems (FMIS) 

Distributed 

framework for 

processing large-

scale agricultural 

data efficiently 

Primarily focused on 

data management 

rather than prediction 

accuracy 

14 Fegade & 

Pawar, 2020 

[24] 

Support Vector 

Machine (SVM) 

and Artificial Neural 

Network (ANN) 

Agricultural yield 

datasets 

Demonstrated 

improved prediction 

performance 

compared to 

traditional statistical 

models 

High computational 

complexity 

15 Jannat et al., 

2023 [25] 

Lightweight 

Convolutional 

Neural Network 

(CNN) 

Crop leaf disease 

image datasets 

Efficient disease 

detection model 

that indirectly 

supports yield 

improvement 

Focused on plant 

health monitoring 

rather than direct 

yield prediction 
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16 Suresh et al., 

2021 [26] 

Random Forest 

Algorithm 

Environmental 

and climatic 

variables 

Effectively captured 

nonlinear 

relationships 

between 

environmental 

factors and crop 

yields 

Scalability issues 

with very large 

datasets 

17 Saha & 

Bauddh, 2020 

[27] 

Ecological Methods 

+ Machine Learning 

Soil health and 

environmental 

data 

Integrated 

ecological 

approaches with 

ML to maintain soil 

health while 

predicting yield 

Requires extensive 

environmental 

monitoring data 

18 Ingole & 

Padole, 2024 

[28] 

IoT + Machine 

Learning 

Smart irrigation 

and crop 

recommendation 

systems 

Enabled precise 

irrigation 

management and 

improved 

agricultural 

efficiency 

Dependence on IoT 

infrastructure 

19 Ma et al., 2024 

[29] 

Dynamic Bayesian 

Network 

Crop water 

productivity and 

environmental 

data 

Improved planting 

design and water 

productivity in arid 

regions 

Requires large and 

high-quality datasets 

20 Elsayed et al., 

2019 [30] 

Machine Learning 

in Precision 

Agriculture 

Drip irrigation and 

herbigation 

management 

Demonstrated 

optimization of 

resource usage in 

precision 

agriculture 

Application-specific 

limitations 

21 Abdel-Salam et 

al. (2024) [31] 

Hybrid Feature 

Selection + 

Optimized ML 

Combines feature 

selection with ML 

optimization 

Improves prediction 

accuracy through 

reduced 

dimensionality 

Limited adaptability 

to dynamic 

environmental 

changes 

22 Kalmani et al. 

(2025) [32] 

CNN-LSTM with 

Attention & Skip 

Connection 

Deep learning 

with temporal + 

spatial feature 

extraction 

Captures complex 

patterns and 

dependencies 

effectively 

High computational 

cost and requires 

large dataset 

23 Patel et al. 

(2025) [33] 

Optimized Deep 

Belief Network 

(DBN) 

IoT-based data 

integration with 

optimization 

Suitable for smart 

agriculture 

environments 

May suffer from 

overfitting and 

complexity in training 

3. Methodology 

This section presents the proposed Adaptive 

Mutation Swarm Optimized Multilayer Perceptron 

(AMSO-MLP) model, the dataset utilized in this study, 

the architecture of the multilayer perceptron (MLP), and 

the amalgamation of Adaptive Mutation with Swarm.In 

order to ensure methodological reproducibility, all 

architectural and optimization parameters used in the 

AMSO-MLP framework are explicitly reported. Figure 1 

illustrates the overall workflow of the proposed AMSO-

MLP model. The aim of the model is to hybridize 

Adaptive Mutation methods within Particle Swarm 

Optimization (PSO) to optimize the weights and biases 

of a multilayer perceptron for crop recommendation 

under different soil conditions. 

The first step of the process is to define and 

initialize a swarm of particles, where each particle 

represents a potential solution corresponding to a 

candidate set of weights and biases of the MLP. The 

swarm population size is set to 30 particles, and each 

particle encodes the full parameter vector of the MLP 

network. The MLP model consists of an input layer, three 

hidden layers, and an output layer. The hidden layers 

contain 64, 32, and 16 neurons respectively. Rectified 

Linear Unit (ReLU) activation functions are used in the 

hidden layers to improve learning efficiency, while the 

output layer uses a Softmax activation function to 

perform multi-class crop classification. During training, 

the soil features including nitrogen (N), phosphorus (P), 

potassium (K), temperature, humidity, rainfall, and pH 

are provided as inputs to the network.  
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Figure 1. Workflow of the AMSO MLP model 

The objective is to predict the most suitable crop 

label under the given environmental conditions. The 

model is trained using a batch size of 32 and a learning 

rate of 0.001. The training process runs for a maximum 

of 100 epochs, or until convergence is achieved when 

the validation loss improvement becomes less than 10⁻⁴ 

for five consecutive iterations. 

For each particle, the MLP is evaluated using a 

fitness function based on the classification error rate, 

which reflects the prediction quality of the network. The 

mean prediction error is computed for every particle at 

each iteration while tracking the global best known 

position of the swarm (gBest) and the best-known position 

of each individual particle (pBest). The particles update 

their locations and speeds according to the customary 

PSO updating process. The definitions of the PSO 

parameters are the following - the inertia weight of the 

particles (ω) is 0.7, the cognitive coefficient (c₁) is 1.5, 

and the social coefficient (c₂) is 1.5. The maximum 

number of iterations of optimization is 100. These 

parameters help the swarm by balancing exploration and 

exploitation during the optimization process of the MLP 

parameters. To increase exploration capabilities and 

reduce the likelihood of the swarm reaching a local 

optimum prematurely, an adaptive mutation technique 

has been introduced into the PSO optimization process. 

Adaptive mutation provides controlled amounts of 

random perturbations to the positions of the particles in 

order for the swarm to be able to search unvisited areas 

of the search space. The bounds of the mutation are 

defined as μmin = 0.01 and μmax = 0.1 and the mutation 

will happen when the variance of the swarm fitness 

function is below a defined threshold of diversity σf < 

0.05. 

In this research, the primary goal is to make 

predictions based on crops and this is treated as a multi-

class classification problem as each target variable is 

represented by a crop class label. Therefore, 

classification performance is evaluated through the use 

of classification metrics (precision, recall and F1 score). 

Additionally, regression metrics (RMSE, MAE, and R2) 

are included to evaluate the difference between 

predicted crop class probability distributions and one-hot 

encoded ground-truth labels. Regression metrics 

provide an alternative measure of prediction error and 

model calibration. As a result, both classification and 

regression metrics are utilized to evaluate predictive 

accuracy and prediction error respectively for the 

AMSO-MLP model. 

The AMSO-MLP approach aims to provide 

reliable and accurate crop recommendations through a 

combination of optimized weight, bias, and the capability 

of locating optimal solutions via particle swarm 

optimization, along with adaptive mutation to increase 

diversity; in this way the AMSO-MLP will generate solid 

and trustworthy crop recommendations based on 

different soil types.  

 

3.1 Dataset Description 

This research paper examines a publicly 

available dataset from Kaggle called the Crop 

Recommendation Dataset, which has total 2200 

samples of soils and environmental conditions collected 

through agricultural monitoring systems. Each sample 

includes seven independent variables: N, P, K, 

temperature, humidity, rainfall and ph. Each sample also 

has a crop recommendation label (the dependent 

variable). The crops represented in the dataset are rice, 
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maize, chickpeas, kidney beans, pigeon peas, moth 

beans, mung beans, black grams, lentils, pomegranates, 

bananas, mangoes, grapes, watermelons, muskmelons, 

apples, oranges, papayas, coconuts, cotton, jute and 

coffee. To ensure that the data were accurate and 

reproducible, preprocessing was performed prior to 

model training. Initially, no records were found that had 

missing data. After that, the numerical features were 

normalized by converting them between 0 and 1 using 

Min-Max normalization, which makes it easier for neural 

networks to converge during training. The dataset's 

classes are balanced; each class contains about 100 

samples. As a result, the dataset does not suffer from a 

significant class imbalance. However, to ensure fair 

evaluation, the dataset was randomly shuffled before 

splitting into training and testing subsets using an 80:20 

ratio. The label is the target variable in this dataset, also 

known as the index, indicating which crop type is the 

most suitable for the given soil and environmental 

conditions. This dataset is widely used as a benchmark 

in agricultural predictive modeling and supports the 

application of machine learning techniques for crop 

recommendation and yield prediction systems. 

 

3.2 Multilayer Perceptron (MLP) Architecture 

The Multilayer Perceptron (MLP), depicted in 

Figure (2), is the central component of our prediction 

model, as seen in Figure (1). It comprises five layers: an 

input layer, three hidden layers, and an output layer. 

The input layer is made up of n neurons 

x1,x2,…,xn each corresponding to a feature fed in to the 

network. Following this is the first hidden layer which 

includes neurons H11,H12,…,H1n ,along with a bias node 

denoted as BH1 .The output of jth neuron in hidden layer 

1 is given by Eq. (1) 

ℎ1,𝑗 = 𝜎(∑ 𝑤𝑖𝑗
𝑛
𝑖=1 𝑥𝑖 + 𝑏𝐻1,𝑗)           (1) 

Where 

h1,j represents the output generated by the jth 

neuron in Hidden Layer 1. 

wij denotes the weight that links the ith input 

neuron to the jth hidden neuron. 

xi signifies the input coming from the i-th input 

neuron. 

bH1,j is the bias associated with the j-th neuron in 

Hidden Layer 1. 

σ symbolizes the activation function, which is 

usually the sigmoid function. 

Every neuron in the second hidden layer 

calculates a weighted sum based on the outputs from 

the first hidden layer, and the output from the second 

hidden layer is expressed in Eq. (2) 

ℎ2,𝑗 = 𝜎(∑ 𝑤𝑖𝑗
𝑛
𝑖=1 ℎ1,𝑗 + 𝑏𝐻2,𝑗)          (2) 

Where 

h2,j represents the output generated by the jth 

neuron in Hidden Layer 2. 

bH2,j is the bias associated with the j-th neuron in 

Hidden Layer 2. 

Similarly the output of the hidden layer 3 is given 

by Eq. (3) 

ℎ3,𝑗 = 𝜎(∑ 𝑤𝑖𝑗
𝑛
𝑖=1 ℎ2,𝑗 + 𝑏𝐻3,𝑗)         (3) 

 

 

Figure 2. MLP Architecture 
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Where 

h3,j represents the output generated by the jth 

neuron in Hidden Layer 3. 

bH3,j is the bias associated with the j-th neuron in 

Hidden Layer Layer 3. 

Ultimately, the output layer calculates a 

weighted sum of the results from Hidden Layer 3 and is 

given by Eq. (4) 

𝑦𝑘 = 𝜎(∑ 𝑤𝑖𝑘
𝑛
𝑖=1 ℎ3,𝑖 + 𝑏𝑂,𝑘𝑗)        (4) 

Where 

yk represents the result produced by the k-th 

neuron in the output layer.  

Wik denotes the connection strength between 

the neurons in Hidden Layer 3 and the output layer. 

h3,i indicates the output generated by the i-th 

neuron in Hidden Layer 3.  

bO,k refers to the bias associated with the k-th 

neuron in the output layer. 

The objective is to optimize the weight w and 

biases b to minimize the mean square error of the multi-

layer perceptron. 

 

3.3 Adaptive Mutation Swarm Optimization 

(AMSO) 

Adaptive Mutation Swarm Optimization (AMSO) 

innovatively moves Particle Swarm Optimization (PSO) 

beyond its traditional limitation by introducing adaptive 

mutation compositions that not only facilitate the process 

of convergence but also uplift the quality of the solutions. 

The mutation operators in AMSO vary depending on the 

swarm condition such as fitness variance or the rate of 

convergence. Such adaptability allows the method to 

free itself from the clutches of local optima and also to 

keep the diversity alive [34].By blending swarm 

intelligence with an adaptive mutation approach, AMSO 

effectively optimizes the weights and biases of the MLP, 

steering clear of local minima and achieving faster 

convergence. 

 

3.3.1 Swarm Optimization 

Swarm optimization is based on the social 

behavior exhibited by groups of animals. The velocity 

and position update equation for particle i are given by 

Eqs. (5) and (6) [31] respectively 

𝑣𝑖
(𝑡+1)

= 𝜔𝑖𝑣𝑖
(𝑡)

+ 𝑐1𝑟1 (𝑝𝑖
𝑏𝑒𝑠𝑡 − 𝑥𝑖

(𝑡)
) + 𝑐2𝑟2 (𝑔𝑏𝑒𝑠𝑡 − 𝑥𝑖

(𝑡)
)  (5) 

𝑥𝑖
(𝑡+1)

=  𝑥𝑖
(𝑡)

+ 𝑣𝑖
(𝑡+1)

          (6) 

 

where 𝑣𝑖
(𝑡)

 and 𝑣𝑖
(𝑡+1)

 represents the previous 

and current velocity of particle i at time t, ω is the inertia 

weight, c1 and c2 represents the cognitive and social 

coefficients, The variables r1 and r2 are random 

numbers that follow a uniform distribution between 0 and 

1, 𝑝𝑖
𝑏𝑒𝑠𝑡 is the best position found by particle i, and 𝑔𝑏𝑒𝑠𝑡 

is the best global position found by the swarm. 𝑥𝑖
(𝑡)

 and 

𝑥𝑖
(𝑡+1)

 represents the previous and current position of the 

particle. 

 

3.3.2 Adaptive Mutation Mechanism 

To enhance exploration, an adaptive mutation 

mechanism is introduced. The mutation rate µ given by 

Eq. (7) [31] is dynamically adjusted based on the fitness 

of the particles: 

𝜇𝑖
(𝑡)

= 𝜇𝑚𝑖𝑛 +  (𝜇𝑚𝑎𝑥 − 𝜇𝑚𝑖𝑛)  ∗
𝜎𝑓

𝜎𝑓+𝑘
          (7) 

Where 𝜇𝑚𝑎𝑥 and 𝜇𝑚𝑖𝑛 refer to the maximum and 

minimum mutation rates respectively, σf is the variance 

of particle fitness at iteration t, and 𝑘 is a small constant 

to avoid zero division. 

 Figure (3) explains the swarm optimization 

process combined with an adaptive mutation. This 

diagram shows how the optimization goes through 

Particle Swarm Optimization (PSO) plus the aid of 

adaptive mutation. The starting point is a particle swarm, 

each of which represents a potential solution. The fitness 

of each particle is determined by the efficiency of the 

particle in addressing the problem. After that, these 

fitness values are compared in order to update the local 

best (𝑝𝑖
𝑏𝑒𝑠𝑡) for each particle as well as the global best 

(gbest) among all particles. Next, the fitness variance σf is 

calculated to measure the diversity of the swarm. These 

best values lead the next updates of the each particle’s 

velocity and position, thus the swarm gets closer to the 

better solutions. If the fitness variance σf is less than 

0.05, adaptive mutation is applied to the positions xi to 

raise the exploration level and to avoid early 

convergence and keep the swarm diverse. This loop 

goes on until convergence or the satisfaction of the 

stopping criterion, which results in the last optimized 

solution. 

 

3.3.3 AMSO-MLP Algorithm 

The AMSO-MLP algorithm involves the 

following steps: 

Algorithm 1. AMSO-MLP Algorithm 

1: Initialize particle positions xi and velocities vi 

2: Set µmax and µmin 
3: for t = 1 to Maximum Iterations do 
4:    Compute fitness Fi for each particle 

5:    Update 𝑝𝑖
𝑏𝑒𝑠𝑡  and 𝑔𝑏𝑒𝑠𝑡 

6:    Calculate fitness variance σf 
7:    Update velocity vi and position xi 

8:    if σf < 0.05 then 
9:        Mutate xi using µt based on fitness variance 
10:   end if 
11: end for 
12: Return optimized MLP weights and biases 
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Figure 3. Swarm Optimization and Adaptive Mutation Workflow 

 

4. Results and Discussion 

4.1Model Training and Evaluation 

Python programs were developed and executed 

on a system with an Intel Core i5-2450M CPU running at 

2.50 GHz and 6 GB of RAM to evaluate the proposed 

model. To ensure the robustness and reproducibility of 

the experimental results, a 10-fold cross-validation 

strategy was employed. In this approach, the dataset 

was randomly divided into ten equal subsets, where nine 

subsets were used for training and the remaining subset 

was used for testing. This procedure was repeated ten 

times so that each subset served once as the testing set. 

Due to the stochastic nature of the metaheuristic 

optimization algorithm, the AMSO-MLP model and the 

baseline MLP model were executed for 10 independent 

runs. The final performance metrics were reported as the 

mean and standard deviation obtained across all runs 

and cross-validation folds. 

Furthermore, statistical significance testing was 

performed using a paired t-test on the cross-validation 

results to compare the performance of AMSO-MLP with 

the baseline MLP and other optimization-based models. 

This analysis ensures that the observed improvements 

are statistically significant and not due to random 

variations in the training process. Evaluation metrics 

such as Precision, Recall, F1-Score, Mean Absolute 

Error (MAE), Root Mean Square Error (RMSE), and R-

squared (R²) were computed using Eqs. (8)–(13) [14], 

based on the True Positive (TP), True Negative (TN), 

False Positive (FP), and False Negative (FN) values 

obtained from the confusion matrix shown in Figure (4). 

The confusion matrices in Figure 4 and Figure 5 

provide a detailed class-level evaluation of the crop 

classification performance. In Figure 4, corresponding to 

the non-optimized MLP model, most crop categories are 

correctly classified as shown by the dominant diagonal 

elements. However, a few misclassifications are 

observed among crops that share similar soil and 

climatic characteristics. 

For instance, crops such as mungbean and 

mothbeans, kidneybeans and chickpea, and mango and 

watermelon exhibit occasional misclassification. These 

crops often grow under similar ranges of temperature, 

humidity, rainfall, and soil nutrient conditions (N, P, and 

K). Because the model relies primarily on these 

environmental features, crops with overlapping agro-

climatic requirements become more difficult to separate 

in the feature space. 

In contrast, the confusion matrix in Figure 5 

shows the results of the AMSO-optimized MLP model, 

where the number of off-diagonal misclassifications is 

reduced.  
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Figure 4. Confusion matrix of Non Optimized MLP 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5. Confusion matrix of AMSO Optimized 



Vol 8 Iss 3 Year 2026      P. Glaret Subin & Sanjay Kumar /2026 

Int. Res. J. Multidiscip. Technovation, 8(3) (2026) 404-421 | 414 

The optimization process improves the model’s 

parameter selection, allowing it to learn more 

discriminative patterns from the soil and climate 

variables. As a result, the classification accuracy 

improves and the confusion among similar crop classes 

is minimized. 

Overall, the confusion matrix analysis 

demonstrates that classification errors primarily occur 

between crops with closely related environmental 

requirements, emphasizing the challenge of 

distinguishing such crops using only soil and climate 

attributes. 

Precision represents the quality of the positive 

prediction and is given by Eq. (8) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑅𝑃

𝑇𝑅𝑃+𝐹𝐴𝑃
             (8) 

Recall represents the coverage of actual 

positives and is given by Eq. (9) 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑅𝑃

𝑇𝑅𝑃+𝐹𝐴𝑁
          (9) 

F1 Score represents the balance between 

Precision and Recall and is given by Eq. (10)  

𝐹1 𝑆𝑐𝑜𝑟𝑒 =
2∗(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑟𝑒𝑐𝑎𝑙𝑙)

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
         (10) 

MAE represents the average of the absolute 

differences between the predicted values 𝑌̂𝐽  and the 

actual values 𝑌𝐽 and is given by Eq. (11) 

𝑀𝐴𝐸 =
1

𝑁
∑ |𝑌𝐽 − 𝑌̂𝐽|𝑁

𝐽=1        (11) 

RMSE represents the squared root of the 

average squared differences between the predicted 

values 𝑌̂𝐽  and the actual values 𝑌𝐽  and is given by Eq. 

(12) 

𝑅𝑀𝑆𝐸 = √
1

𝑁
 ∑ (𝑌𝐽 − 𝑌̂𝐽)

2𝑁
𝐽=1         (12) 

R-squared is a statistical metric that indicates 

how well a regression model fits the data, with its value 

ranging from 0 to 1 and is given by Eq. (13) 

𝑅2 = 1 − 
∑ (𝑌𝐽−𝑌̂𝐽)

2𝑁
𝐽=1

∑ (𝑌𝐽−𝑌̅𝐽)
2𝑁

𝐽=1

          (13)          

Where 𝑌̅𝐽  represents the mean of the actual 

values. 

The performance of the proposed AMSO-MLP 

model was evaluated over 100 training epochs. Multiple 

evaluation metrics were monitored to assess the model’s 

learning efficiency, generalization capability, and overall 

predictive power. The results of both MLP and AMSO – 

MLP are illustrated in Figure (5) and Figure (6) which will 

demonstrate the model's effectiveness across both 

classification and regression tasks in both non optimized 

MLP and AMSO optimized MLP. 

 

4.2 Training and Testing Performance 

The model in Figure 6 provides evidence for 

convergence behavior in its learning dynamics.  

The training loss exhibits a significant reduction 

in value over the first 20 epochs, going from 

approximately 3.0 to less than 0.5; this represents the 

initial stage of rapid learning. By epoch 30, the training 

loss begins to level off and continues to do so until no 

further improvement occurs; it eventually stabilizes at 

approximately 0.1 around either epoch 80 or 100. A 

similar pattern can be seen when examining the training 

and test accuracies. Training accuracy increases 

significantly over the first 25 epochs (approximately 

0.90) before slowly continuing to increase until around 

70 epochs (approximately 0.94). After 70 epochs, there 

is little change in training accuracy. Test accuracy also 

increases rapidly (approximately 0.88) through the early 

stages of training, followed by a plateau at approximately 

0.93 at around 60 epochs. This suggests that the model 

generalizes without significant over fitting. The 

convergence point for all metrics confirms these 

observations. 

The accuracy, recall, and F1-score values show 

significant improvement between epochs 10 and 30. The 

values are above 0.85. After epoch 60, the values are 

stable at around 0.92 and 0.94. There are no oscillations 

in the accuracy curve. This shows that the learning curve 

is stable and the optimizer is using consistent gradients 

for updates after epoch 60. The error-based metrics 

show the opposite trend. The RMSE decreases from 

around 0.75 to around 0.32. The MAE decreases from 

around 0.63 to around 0.47. Most of the improvement 

happens within the first 40 epochs. After epoch 60, the 

improvement plateaus. This suggests that the model has 

converges to a stable level of errors and does not benefit 

much from training. The R² coefficient increases 

steadily. It starts at 0.50 and goes up to around 0.91. The 

maximum improvement happens between epochs 40 

and 70.The learning dynamics of the AMSO-MLP model 

over a total of 100 training epochs are shown in Figure 

7. In the first ten epochs of training, loss is reduced 

dramatically from approximately 2.8 to below .2 with 

rapid parameter optimization evident in this initial phase 

of learning (exact point). The loss curve flattens after 

epoch 15 and appears nearly constant (.05 to .07) 

throughout the remainder of the training period, 

indicating the model has reached convergence early in 

the training process, and stable optimization will be 

maintained for the rest of training phase. 

Within the first 10 epochs, the training accuracy 

goes up quickly, reaching about 0.98, and then levels of 

around 0.99 after epoch 20. Test accuracy follows a 

similar pattern, quickly going from 0.45 to about 0.98 in 

the first 10 to 12 epochs and staying stable around 0.99 

after epoch 20.  
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Figure 6. Performance metrics of the MLP model over 100 training epochs. (a) Training loss over epochs, (b) 

training accuracy, (c) test accuracy, (d) precision, (e) recall, (f) F1-score, (g) RMSE, (h) MAE, and (i) R² score 

metrics. 

The fact that the training and test accuracy are 

so close to each other means that the model generalizes 

well and doesn't show much over fitting. The 

classification metrics also back up the behavior of 

convergence. During epochs 5–15, the precision, recall, 

and F1-score all go up quickly, reaching values above 

0.97. After epoch 20, they stay stable around 0.99. The 

small changes seen after epoch 60 (about ±0.01) are 

normal random changes that happen during 

optimization, not instability. The expected trend of error-

based metrics is to go down. In the first 15 epochs, 

RMSE drops sharply from about 5.2 to about 1.2. After 

that, the curve moves up and down slightly between 1.1 

and 1.4 without a clear pattern. MAE also goes down 

from about 3.2 to less than 0.3 in the first 15 epochs and 

then stays around 0.15–0.20. These little changes in 

later epochs point to stable convergence instead of 

divergence. The R² coefficient rises quickly from 0.30 to 

about 0.95 in the first 15 epochs and then slowly rises to 

0.97–0.98 after epoch 30. This shows that the model 

explains a large part of the variance in the target 

variable. There is no post-convergence degradation, so 

the curve stays stable. The R² coefficient increases 

rapidly from 0.30 to approximately 0.95 during the first 

15 epochs and gradually approaches 0.97–0.98 after 

epoch 30, indicating that the model explains a high 

proportion of the variance in the target variable. There is 

no post-convergence degradation among all models 

indicated by the training curves. The AMSO-MLP model 

shows the greatest amount of effective convergence 

between epochs 15–25 as indicated by the training 

curves. All of the performance metrics show stability well 

after epoch 25, confirming the robustness and stable 

learning characteristics of the optimization scheme 

proposed, especially during the later training periods. 

 

4.3 Classification Metrics 

The AMSO-MLP model performs better in 

classifying the crop in different soil conditions with a 

precision of 0.989, recall of 0.987 and F1 Score of 0.987 

when compared with non-optimized MLP model with a 

precision of 0.946, recall of 0.945, F1 Score of 0.945 

shown in Figure 8.
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Figure 7. Performance metrics of the AMSO-MLP model over 100 training epochs. (a) Training loss over epochs, 

(b) training accuracy, (c) test accuracy, (d) precision, (e) recall, (f) F1-score, (g) RMSE, (h) MAE, and (i) R² score 

metrics 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 8. Classification Metrics 
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This shows that in AMSO-MLP, there is an 

improvement of 4.54% in precision, 4.44% in recall and 

4.44% in F1 Score. 

 

4.4 Regression Metrics 

The AMSO-MLP model performs better 

predictions of crop in different soil conditions with an 

RMSE of 0.210, MAE of 0.125 and R2 of 0.964 when 

compared with non-optimized MLP model with an RMSE 

of 0.315, MAE of 0.470 and R2 of 0.907 shown in Figure 

9. This indicates that AMSO-MLP shows superior 

regression performance with a 33.33% reduction in 

RMSE, a 73.40% reduction in MAE, and a 6.29% 

increase in R², indicating more accurate and better-fitting 

predictions compared to the non-optimized MLP. 

In conclusion, the results of this study 

demonstrate an improvement in evaluation metrics that 

is both statistically significant and of great importance to 

agricultural decision makers. The reduction of the RMSE 

values from 0.315 to 0.210 indicates a large reduction in 

prediction error regarding what crop is recommended to 

grow relative to what crop is best suited for the soil type 

present, which can substantially decrease the potential 

of a farmer incorrectly choosing to plant the incorrect 

crop based on their chosen soil type. The increase in R² 

from 0.907 to 0.964 also indicates a larger proportion of 

variability in the suitability of the crop can now be 

explained by the AMSO-MLP model relative to its soil 

type characteristics. This increased ability to explain 

variability in the suitability of the crops being planted 

based on the soil type also improves the degree of 

confidence that agricultural planners and growers have 

when utilizing this model for making decisions relating to 

which crops they will grow. From an agronomic 

standpoint, an improvement in prediction accuracy will 

decrease the potential of misclassifying the suitability of 

a crop, which can result in inefficient use of fertilizers, 

lower yields, and decreased economic resources. The 

overall performance gains resulting from the use of the 

AMSO-MLP model in this study will provide both 

improved numerical accuracy and greater reliability to 

provide for practical applications in developing crop 

recommendation systems and will provide support for 

sustainable agricultural planning and improved 

agricultural resource utilization. 

 

4.5 Convergence Analysis 

Machine learning convergence (the process 

where the loss function of the model reduces 

continuously) indicates that a model is training well and 

converging towards being optimal.  

 

 

 

 

 

 

 

 

 

Figure 9. Regression Metrics 

 

 

 

 

 

 

 

 

 

 

 

Figure 10. Convergence Behavior of AMSO-MLP vs. Standard MLP 
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It is very important because it indicates to the 

designer of the model that the model is getting better and 

not oscillating or diverging which could lead to the model 

learning to generalize poorly. Figure 10 illustrates a 

comparison between a standard Multi-Layer Perceptron 

(MLP) and an enhanced version called AMSO-MLP, 

which incorporates adaptive mutation and swarm 

optimization techniques. As shown, AMSO-MLP 

reached a loss less than 0.1 in 48 iterations, while 

standard MLP required 67 iterations. The final loss 

values were 0.0067 for AMSO-MLP and 0.0500 for 

standard MLP. These results confirm the 33% faster 

convergence of AMSO-MLP. The AMSO-MLP is faster 

to reach a much lower final loss value, demonstrating 

higher learning efficiency and optimization. This 

behavior exemplifies the benefits of using modern 

optimization methods as AMSO-MLP shows 

improvement over standard MLP not only with train time, 

but also with train accuracy in predicting the output label. 

 

4.6 Comparison of AMSO-MLP with other 

models 

The performance of the proposed AMSO-MLP 

model was compared with several optimization-based 

neural network models, including PSO-MLP, GA-MLP, 

and DE-MLP.  

To ensure a fair and consistent comparison, all 

baseline models were implemented and evaluated on 

the same agricultural dataset used in this study.  

Each model was trained and tested under the 

same experimental protocol, including identical 

preprocessing steps, feature sets, 10-fold cross-

validation strategy, and evaluation metrics. The 

experimental setup utilized in the experiment is 

controlled to remove potential sources of bias from the 

comparisons that could arise due to differences in the 

datasets or the conditions under which the experiments 

were conducted. The implementations of PSO-MLP, 

GA-MLP and DE-MLP were made according to the 

methodologies described in earlier studies [35–37], 

however, the experiments were conducted entirely in the 

same computational environment and the same dataset 

as the proposed AMSO-MLP model. The results of these 

comparisons are shown in Table 2, which illustrate the 

effectiveness of the proposed method. 

 

4.7 Ablation Study 

An ablation study was performed to assess the 

contribution of each component of the proposed model 

by examining various iterations of the neural network 

architecture. The goal of this experiment is to separate 

the effects of the multilayer perceptron (MLP), particle 

swarm optimization (PSO), and the adaptive mutation 

mechanism used in the AMSO-MLP framework. 

Four different model setups are evaluated: 

1. Standard MLP – baseline neural network trained 

without any optimization algorithm. 

2. PSO-MLP – MLP weights optimized using 

standard Particle Swarm Optimization. 

3. PSO-MLP with Mutation – MLP optimized using 

PSO combined with a fixed mutation 

mechanism. 

4. AMSO-MLP (Proposed) – MLP optimized using 

Particle Swarm Optimization with adaptive 

mutation.

 

Table 2. Comparison of AMSO-MLP with baseline optimization-based MLP models evaluated on the same 

dataset 

Model Precision Recall F1 Score RMSE MAE R² Implementation Source 

PSO-MLP 0.961 0.957 0.958 0.275 0.365 0.928 Cengil et al. [32] 

GA-MLP 0.952 0.948 0.949 0.289 0.397 0.915 Goel et al. [33] 

DE-MLP 0.965 0.962 0.963 0.25 0.31 0.94 Baioletti et al. [34] 

AMSO-MLP 0.989 0.987 0.987 0.21 0.125 0.964 Proposed method 

 

Table 3. Ablation study of the AMSO-MLP framework 

Model Variant Precision Recall F1 Score RMSE MAE R² 

MLP 0.946 0.945 0.945 0.315 0.47 0.907 

PSO-MLP 0.961 0.957 0.958 0.275 0.365 0.928 

PSO-MLP + Mutation 0.972 0.969 0.97 0.245 0.22 0.948 

AMSO-MLP (Proposed) 0.989 0.987 0.987 0.21 0.125 0.964 
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In order to ensure that any performance 

differences are only attributable to the optimization 

strategy, all models were evaluated and trained upon the 

same data set and used the same experimental protocol 

(including preprocessing steps and hyper parameters), 

as well as utilizing 10-fold cross-validation for each 

model. All of this provides a controlled comparison of the 

different optimization strategies used by each respective 

model.  

The results from the ablation study can be 

viewed in Table 3. 

The findings indicate that adding a swarm 

optimization method to the base MLP model greatly 

enhances its ability to predict data. Utilizing a mutation 

in the swarm optimization process further enhances the 

exploration capability, thus decreasing prediction error 

and increasing accuracy of classification results. The 

AMSO-MLP model, with an adaptive mutation strategy, 

is the best performing configuration in all experiments 

run under this study; thus, adaptive mutation is shown to 

effectively prevent premature convergence of the swarm 

and enable the swarm to more efficiently explore the 

search space. 

The results of the ablation analysis also confirm 

that every component of the AMSO-MLP architecture 

contributes to the overall performance improvement of 

the model, with adaptive mutations providing the 

greatest degree of performance enhancement. 

 

5. Conclusion and Suggestions for Future 

work  

This article describes the development and 

application of an Adaptive Mutation Swarm Optimized 

Multilayer Perceptron (AMSO-MLP) model to support 

data-driven agricultural decision-making and improve 

the prediction of crops grown in soil. The AMSO-MLP 

combines particle swarm optimization with an adaptive 

mutation method for optimizing weights and biases of a 

multilayer perceptron; thereby increasing both learning 

effectiveness as well as predicting capabilities of a 

neural network. The combination of swarm intelligence 

and adaptation of exploration techniques allows the 

AMSOMLP model to avoid premature convergence and 

enhance search for optimal solutions. The model was 

tested and evaluated for providing accurate predictions 

of the best crops to cultivate under certain soil types or 

environmental conditions using a number of key 

agricultural variables: nitrogen, phosphorus, potassium, 

temperature, humidity, rainfall, and pH level of the soil. 

Results from the experimentation present evidence that 

AMSO-MLP will exceed current methods based on 

optimization techniques. With respect to classification 

accuracy, AMSOMLP achieved a precision of (0.989), 

recall (0.987), and F1-score (0.987). In addition, the 

accuracy and robustness of the AMSO-MLP model is 

also validated using regression based evaluation criteria 

including: RMSE (0.210), MAE (0.125), and R2 (0.964). 

The above results show that the adaptive mutation 

strategy leads to a dramatic improvement in the 

convergence behavior of the optimization and increases 

the neural network's generalization capability in crop 

prediction tasks. Hence, the AMSO-MLP model is an 

efficient data-driven method for crop recommendation 

that depends on the soil and environmental 

characteristics. Besides it, the model can predict the 

crops most suitable to the specific conditions of the 

agricultural field more accurately. Such intelligent 

prediction models can be a big help to farmers, 

agricultural planners, and policymakers in selecting the 

crops that are most appropriate for the purpose of 

improving productivity and better use of resources. 

Future work may include incorporating more 

environmental variables, applying the proposed 

framework to larger and more diverse agricultural 

datasets, and investigating other hybrid metaheuristic 

optimization strategies to further improve predictive 

performance and practical applicability in precision 

agriculture. 
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