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Abstract

Accurate crop yield prediction is critical for sustainable agricultural planning and resource optimization, especially amid
increasing food demand and climate variability. This study proposes a novel two-tiered machine learning (ML) framework
that integrates loT-based soil data with advanced classification and regression models to enhance prediction accuracy. In
the first tier, an Adaptive k-Nearest Centroid Neighbour (aKNCN) classifier evaluates soil quality based on key nutrient
metrics. The second tier utilizes an Extreme Learning Machine (ELM) optimized via the modified Butterfly Optimization
Algorithm (mBOA) to forecast crop yields, incorporating both soil quality and agro-environmental factors. The system
is trained and validated on a publicly available Indian crop production dataset containing 10,000 samples across major
crops (wheat, maize, rice), with features including soil moisture, temperature, and rainfall. Feature selection is performed
using Correlation-Based Feature Selection (CBFA) and Variance Inflation Factor (VIF) methods to reduce noise and mul-
ticollinearity. Experimental results demonstrate that the proposed aKNCN-ELM-mBOA model significantly outperforms
traditional ML models—such as Support Vector Machine (SVM), Artificial Neural Network (ANN), Gradient Boosting
(GB), and Random Forest (RF)—in terms of error metrics including Mean Absolute Error (MAE), Root Mean Squared
Error (RMSE), Mean Absolute Percentage Error (MAPE), and R2. The model achieves a notably low RMSE of 0.301
and MAPE of 3.932, alongside a high R? score of 0.817, indicating strong generalization. This approach underscores the
potential of hybrid ML systems, enriched by IoT-driven data and robust optimization, to drive precision agriculture and
informed decision-making. Future work may involve time series forecasting and scaling the model with real-time sensor
data for broader deployment.
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ing (ML), is gaining increasing use in various sectors,
including agriculture [1, 2]. Several variables, including
soil type, environmental conditions, weather, fertilizer
application, and seed variety, make it challenging to fore-
cast crop production accurately. By finding trends and
connections between these elements, ML may enhance
yield prediction. To train models for anticipated outcomes,
a variety of attributes and historical data are combined
to generate prediction models during the training phase
[3—6]. ML models can be either predictive or descriptive,
depending on the issues and problems the research raises.
A comprehensive analysis of the literature was done to
find out whether ML might be used to estimate agricul-
tural production. A good SLR study should include a
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thorough description of its methods, be repeatable, and
be accessible to other researchers [7-9]. Robots, drones,
and remote sensors have all been significantly impacted
by modern Internet of Things (IoT) technologies. More
than half of the world’s food demand is expected to be
satisfied by 2025, despite increased productivity, which
requires smart agricultural systems capable of anticipat-
ing and monitoring crop performance. Farmers can boost
production by utilizing the IoT to predict agrarian yields
[10-12].

Agriculture plays a crucial role in supporting human
life and the global economy. With the increasing demand
for food driven by population growth, improving crop
productivity has become more important than ever.
Recent advances in data science and ML have opened
new possibilities for precision agriculture, especially
in predicting crop yields based on various environmen-
tal and agronomic factors [13, 14]. ML techniques have
shown significant potential in uncovering complex pat-
terns within large datasets—patterns that traditional sta-
tistical models might miss. These technologies can help
optimize resource use, reduce waste, and enable more
informed decision-making by farmers and policymakers.
In this study, we propose a two-tiered ML approach to
enhance crop yield prediction accuracy. The model com-
bines Adaptive K-Nearest Centroid Networks (aKNCN)
with several ML classifiers, including Random Forest
(RF), Gradient Boosting (GB), Artificial Neural Net-
works (ANN), Support Vector Machines (SVM), and
Extreme Learning Machines (ELM). The primary objec-
tive of this work is to assess the performance of the
proposed two-tiered model in comparison to traditional
methods. The findings aim to support the development of
intelligent agricultural systems that promote sustainable
farming practices.

Al enhances agricultural practices and reduces the
need for human labor, despite the high costs associ-
ated with technology. The suggested approach involves
two classification models with optimal weight selection
for crop production prediction. This study examines
the effect of categorization and yield prediction within
IoT-based smart farming systems. The primary research
question examines how these techniques can enhance
prediction accuracy in such systems. This paper tackles
the challenge of crop yield prediction using a two-tiered
ML approach. We explore how advanced models can be
integrated to boost prediction accuracy in agriculture.
The following is the contribution of the paper:

e The proposed method ensures the effective imple-
mentation of an loT-based agricultural system for the
deployment of a crop production forecasting model.
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e This task includes pre-processing, feature selection
(FS), and classification. FS approaches are used for fea-
ture selection and data pre-processing. Then, to improve
crop output projections, a two-tier ML-based [oT smart
agricultural system is proposed. ML-based classification
is used to categorize soil samples into multiple catego-
ries, considering the features of the soil dataset.

e One proposes using the ELM model to forecast agri-
cultural output. After being carefully assessed utiliz-
ing a range of experimental results and ML perfor-
mances, the recommended technique for predicting
crop output is.

Literature Review

The ability to have a greater variety of food products
in the same land area due to population growth is the
primary driver behind the adoption of AGRI-IoT. At an
annual growth rate of 83 million, the world’s popula-
tion reached 7.6 billion in 2017. The global population
is expected to reach 8.6 billion by 2030 and 9.8 billion
by 2050. Recent years have seen a persistent manage-
ment of population growth issues via agricultural innova-
tion. Farmers have always been able to do more with less
because they employ fertilizer in genetically modified
crops. Artificial and deep neural networks are the most
commonly utilized models in agriculture [15]. An ANN
with input, hidden, and output layers may approximate a
node-link structure via the application of bias and weight
optimization [16]. Deep learning (DL), a subset of ML,
uses an intensive learning process in a deep network to
anticipate agricultural output based on fluctuations in
input data layout [17]. These deep learning methods may
also produce a probability model utilizing field data. In
addition to this benefit, DL techniques provide informa-
tion on crop performance over a wide range of environ-
mental variations [18].

One of the most popular applications of Al is reinforce-
ment learning. This essential set of techniques is required
for both lowering logic for dynamic programming and
creating ML models for decision-making sequences
[19]. Another ML technology that could enhance neu-
ral network training for agricultural output prediction is
called Extreme Learning Machine (ELM). It speeds up
the learning process and yields superior outcomes. How-
ever, these approaches also have some shortcomings:
restricted sustainability, high computing costs, exces-
sive complexity, and imprecise forecasting [20]. This
work proposes addressing these challenges by utilizing
a more effective ML-based agricultural production fore-
cast model. The primary reason for India’s motivation is
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its agricultural sector, which is a key economic resource.
The challenges associated with costly and labor-inten-
sive traditional agricultural planting management can be
addressed through the use of IoT-based real-time detec-
tion, intelligent crop growth management, and standard-
ization of agricultural planting modes. Numerous yield
approaches, both empirical and mathematical, have been
tested on various crops. These models are challeng-
ing to apply in many sectors because they require crop
and soil data. Numerous satellite-based remote sensing
methods have been developed for yield modelling pur-
poses. However, these technologies are insufficient to
provide small farms with sufficient geographic informa-
tion for crop optimization. Advances in ML models have
gained significant importance recently since they allow
researchers to understand and solve difficult problems.
Among other ML approaches, decision trees, SVM, and
ANN have been used in agricultural production forecast-
ing. With ELM and aKNCN, this research predicts crop
output and produces better results. Pakistan’s economy
is largely centered on the agricultural industry, which
is highly competitive globally. Emerging nations are
enhancing their efficiency by leveraging emerging tech-
nologies such as IoT and LPWA. While a great deal of
research has been conducted on the use of IoT technol-
ogy in the Agri-4 food supply chain, little is known about
its suitability for primary agriculture. The results are
more difficult to apply to Pakistan’s goals, as it appears
that large American farms are the primary focus of most
agricultural research in the United States. Consequently,
as farms become more environmentally friendly, their
profit margins decrease. Developing more broadly acces-
sible AGRI-IoT technologies that enable more effective
resource utilization and improved agricultural waste
management could be a timely solution. Projected crop
output is approached using ML and proportional sensing.
The experiment’s goal was to gather the data required
for agricultural yield control [21]. Proximal sensing has
been utilized to collect data on crop characteristics and
soil conditions relevant to potato tubers. Using a large
dataset, prediction accuracy was assessed. Support vec-
tor regression (SVR), k-nearest neighbours (KNN), lin-
ear regression, and elastic net ML techniques were used
to anticipate agricultural production. R?, Mean Absolute
Error (MAE), and Root Mean Squared Error (RMSE)
were used to evaluate performance. Given that it incor-
porates more information than other networks, KNN
performed poorly in predicting agricultural productivity.
demonstrated an ML and Internet of Things-driven smart
agriculture system. WPART projected drought and agri-
cultural production by combining the Wrapping and PART
techniques. The wrapper feature selection technique

assisted in selecting the best features for further categori-
zation, which is one of the two most important stages in
the prediction method, alongside feature selection [22].
PART, a partial decision tree approach, was used to com-
plete the prediction and classification task. The WPART
exams included accuracy, precision, sensitivity, and the
F1 score. Soybeans, sugarcane, jowar, and bajra were the
ingredients of the experiment. Due to the dataset con-
taining a large number of samples with incorrect labels,
erroneous predictions were frequently made. Agricultural
inputs, soil nutrients, irrigated areas, and soil quality will
all be used to estimate future crop yields. developed a
deep reinforcement learning-based ML approach for the
creation of an Internet of Things smart agriculture sys-
tem. A combination of cloud computing and Al was used
to forecast and categorize agricultural produce. When
possible, this research tried to minimize resource usage
to enhance food production. One may demonstrate the
Markov decision-making process by using a hierarchi-
cal Bayesian multi-task reinforcement learning approach.
Following that, policy distillation was used to assess the
Q-value regression function [23]. With the use of Al and
cloud computing, agricultural output was forecast and cat-
egorized. The primary goal of this project was to produce
more food with fewer resources. The Markov decision
process was modelled using a multi-task reinforcement
learning technique based on hierarchical Bayesian meth-
odologies. After policy distillation, one may examine the
regression function of the Q-value.

Computational complexity was noted as one of this
approach’s primary drawbacks, nonetheless. Further-
more, neither the ability to adapt to changing circum-
stances nor human-level skill in performing challenging
tasks was achieved. By building an incremental model
and utilizing transfer learning strategies, this endeavour
aims to enhance performance efficiency in the future.
Created a deep learning methodology to forecast agri-
cultural production. The primary objectives of the work
were to estimate biomass, identify crops and weeds, and
forecast crop yield. The yield of wheat and barley crops
was predicted using a Convolutional Neural Network
(CNN) model that included feature extraction, training,
hyperparameter tuning, and regularization. The simula-
tion study’s assessment criteria are MAE and MAPE.
However, the suggested CNN performs badly with a
large dataset.
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Materials and Methods

Thus, soil elements like nitrogen, phosphorus, and potas-
sium have a significant impact on farming, as do air tem-
perature and crop rotation. ML algorithms are essential
tools for calculating agricultural production in decision-
making, much like selecting which crops to plant. Various
ML methods are used to facilitate the forecasting of agri-
cultural output. Pre-processing, FS, and a two-tier model
make up the recommended smart agricultural frame-
work for crop output forecasting. It is recommended to
utilize AKNCN, an improved version of KNCN. When
compared to other algorithms, ELM is often a powerful
model that utilizes faster learning processes, enhances
performance, and reduces training error. In this work,
two classification strategies are proposed to improve sys-
tem accuracy and yield outcomes that surpass those of
existing models. Figure 1 illustrates the complete process
pipeline, beginning with data preprocessing and feature
selection (CBFA and VIF), followed by tiered classifi-
cation using aKNCN for soil quality and ELM-mBOA
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Notification Server

for yield estimation, integrating IoT-sensed features to
enhance predictive accuracy. Data noise is first elimi-
nated through pre-processing, and then feature selection
methods, such as CBFA and VIF, are employed to refine
the dataset. Finally, two-tier classification schemes are
used. The first layer determines soil quality based on
nutrients collected by IoT sensors using the proposed
aKNCN model. The second layer then utilizes ELM-
mBOA to predict crop yield; mBOA aids in selecting the
optimal weight, thereby improving accuracy. This model
enhances the system by minimizing error values and rais-
ing system accuracy.

Preprocessing

We utilised the publicly available District-wise Season-
wise Crop Production Statistics dataset provided by the
Government of India. This dataset comprises detailed
records on crop production across Indian districts, seg-
mented by crop type, region, and season, spanning mul-
tiple years. It is available at: https://www.data.gov.in/cata
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Fig. 1 Workflow diagram of the proposed two-tier machine learning framework for crop yield prediction
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log/district-wise-season-wise-crop-production-statistics-
0. This dataset including environmental and crop-specific
features relevant to yield prediction. Table 1 presents
a breakdown of the input dataset used for model train-
ing and evaluation, detailing the types of features (e.g.,
categorical or numeric), the overall sample size (1500),
and the proportional distribution across major crop types
(wheat, maize, rice), which provides context for data bal-
ance and diversity. The data distribution is relatively bal-
anced, though wheat samples slightly outnumber others,
which was accounted for during model training by apply-
ing stratified sampling techniques.

Preprocessing steps included handling missing val-
ues, normalizing continuous variables, and encoding cat-
egorical attributes. The final dataset was divided into a
training set (80%) and a testing set (20%) for model eval-
uation. This dataset serves as the foundation of the pro-
posed two-tiered ML approach, enabling models to learn
from both agro-climatic conditions and management
practices to predict crop yield with improved accuracy.
The comprehensive dataset allows models to understand
the complex relationships between environmental factors
and crop yield, thereby contributing to robust and gener-
alizable predictions.

The initial step after gathering data from various
sources is pre-processing. Because ML cannot handle
noisy data, pre-processing is necessary. Errors and outli-
ers make up noisy data. Before categorization, the data
must be pre-processed to fill in missing values, eliminate
unnecessary data, extract functionality, and maintain the
proper data range. In this work, category data in text for-
mat is converted to numerical data using the label encoder
technique and the isnull approach to identify null values.

Feature Selection

ML is a computer learning paradigm that is driven by
statistical value prediction. Using the FS model, impor-
tant components highly linked to crop production are
identified. The main argument in favour of FS is that it
expedites the training process of the ML method, reduces
model complexity, and simplifies interpretation. Selecting

Table 1 Summary of dataset attributes, including feature types, sample
size, and crop category distribution

Attribute Description Data Type Crop Distribution
Crop Type Wheat, Maize, Categorical =~ Wheat 40%,
Rice Maize 35%, Rice
25%

Soil Moisture  Percentage (%) Numeric -

Temperature °C Numeric -
Rainfall Mm Numeric -
Yield kg/ha Numeric

the right subset also helps reduce overfitting and improve
system accuracy. For feature sets of typical size, the
method’s classification time takes precedence over its
computation time. However, when working with large
datasets, feature selection is crucial. FS might utilize
statistical techniques such as filtering, embedding, and
wrappers. When using filter approaches, cross-validation
performance is subordinated to the inherent properties of
features derived from univariate statistics. Compared to
wrapper approaches, these methods operate more quickly
and computationally efficiently. Filters enable higher-
dimensional data to be handled more computationally
effectively. Thus, filter-based FS methods such as the VIF
and CBFA algorithms are used in this work. CBFA selects
the ideal feature set, which is mostly related to yield. The
multicollinearity of independent characteristics is vali-
dated using VIF. In this way, all multicollinear features
are removed.

Correlation-based Feature Selection Algorithm
(CBFA)

In CBFS, features are arranged in order of correlation
heuristic. This feature is intended for a set of attributes
that are not associated with one another but have a
strong connection across classes. They must be removed
because irrelevant traits have a significant correlation
with other features but a weak association with different
categories. Acceptance of a feature is determined by how
successfully it separates classes in situations where other
features have not been able to do so in the past. In the
CBFS method, features are ranked based on a correlation
heuristic, which prioritizes attributes that exhibit a strong
correlation with the target class while minimizing their
correlation with one another. This method aims to iden-
tify features that uniquely contribute to class discrimina-
tion, even when other features fail to do so. Irrelevant or
redundant features often exhibit a high correlation with
different features but a weak association with the target
variable. Such features must be removed to reduce noise
and enhance model generalization.

Let N be the number of selected features. The CBFS
score is computed based on the average feature-class cor-
relation, 7¢r, and the average inter-feature correlation
77s. The heuristic merit M, of a feature subset S is cal-
culated as:

_ N.7ef
N+ NNN-1)757 M

n

Where:
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e 7T.; is the average correlation between each feature
and the target class.

e 7Trris the average intercorrelation between feature
pairs.

A higher M, indicates a more optimal subset, consisting
of features that are highly predictive of the target variable
and minimally redundant.

Variance Inflation Factor Algorithm (VIF)

The VIF approach is used in least squares regression
analysis to calculate multicollinearity. It estimates the
degree to which a certain regression coefficient’s vari-
ance is increased by collinearity. The VIF model is used
to identify and reduce characteristics that are independent
yet correlated with each other. This method is fast since
it uses the predictor’s one-pass search. Furthermore, this
method is computationally efficient and prevents overfit-
ting while assessing each predictor in the model.

The Variance Inflation Factor (VIF) is used in least
squares regression analysis to detect multicollinearity
among features. It quantifies the degree to which the
variance of a regression coefficient is inflated due to the
linear relationships among predictors.

To calculate the VIF for a given independent variable
Xj, it is regressed against all other independent variables.
The VIF is then defined as:

1

-’ @)

VIF; =

Where Rj? is the coefficient of determination from
regressing XjX jXj on the remaining variables.

Interpretation:
o If R?ZO, meaning no multicollinearity, then VIF;
=I.

e A VIF value greater than 10 typically indicates sig-
nificant multicollinearity and suggests that the feature
should be removed.

This method is computationally efficient, requires only a
one-pass regression per feature, and helps prevent over-
fitting by ensuring that only orthogonal (non-redundant)
features are retained.

Tier 1-Classification

The aKNCN is used in this work to classify soils based
on various factors. The proposed KNCN simultaneously
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enhances the KNCN classification performance and
addresses the limitations of the prior KNCN. KNCN, a
non-parametric classifier, uses the centroid distance. This
indicates that the nearest neighbours of the test samples
must meet two conditions: they must be located near the
test samples, and the distribution of their nearest neigh-
bours must be symmetrical within the test samples. But
it’s not easy to find neighbours on a property that meets
these requirements. Despite its amazing accuracy, KNCN
has a slow categorization speed. Consequently, aKNCN
is designed to alter the nearest centroid neighbour for
each input sample appropriately, enhancing classification
precision and reducing classification time. The aKNCN
has two attributes, as given below.

Property 1

The aKNCN approach only reaches a stable search-
ing phase when the distance to the closest centroid, the
product of the multiplier k above a predefined threshold,
using the first centroid, zinc, 1, to describe the neighbor-
hood’s test distance, is achieved.

d(y,z*) > kXd(y, znen, 1) 3)

The symbol d(y, z s) represents the lowest centroid dis-
tance between test samples. This is the original centroid
distance; the multiplier product is greater than or equal
to one.

d(y, zinc, 1) @)
Property 2

The aKNCN approach only succeeds in the searching
phase when the whole sample class, Mi, is among the j
closest neighbours and the total number of samples per
class to compete, class, is less than Mi-1. The following
describes the quality:

(. MCM(z) . {memy | memy . V}jlis)) ((5)

Results

Table 2 evaluates the predictive performance of several
ML models—including aKNCN-ELM-mBOA, ELM-
BOA, ANN, SVM, RF, and GB—across standard met-
rics: MAE, MSE, RMSE, MSLE, MedAE, MAPE, R?,
and EVS in predicting crop yield. SVM, ANN, ELM,
gradient boost, and RF are expected to be state-of-the-art
methods that rely on squared logarithmic error prediction
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Table 2 Comparative analysis of model performance across different algorithms based on error and accuracy metrics

Approaches Error Measures
MAE MSE RMSE MSLE R? EVS MedAE MAPE
aKNCN -ELM-more 0.064 0.091 0.301 0.011 0.817 0.818 0.0504 3.932
aKNCN- ELM-BOA 0.067 0.095 0.309 0.011 0.806 0.808 0.0529 3.871
aKNCN -ELM 0.097 0.134 0.366 0.016 0.730 0.731 0.078 5.565
aKNC _ANN 0.130 0.181 0.426 0.022 0.636 0.636 0.105 7.809
aKNC-SVM 0.165 0.230 0.480 0.028 0.538 0.538 0.132 9.685
aKNC-GB 0.231 0.320 0.566 0.039 0.359 0.359 0.187 13.71
aKNC-RF 0.293 0.413 0.642 0.050 0.174 0.17 0.233 17.4
aKNCN -ELM-mBOA 0.064 0.091 0.301 0.011 0.817 0.818 0.0504 3.932
aKNCN- ELM-BOA 0.067 0.095 0.309 0.011 0.806 0.808 0.0529 3.871
0.5 . . -
Hmm aKNCN-ELM-MBOA (Proposed)
m aKNCN-ELM-BOA
. aKNCN-ELM
0.4 mm aKNCN-ANN -
wm aKNCN-SVM
. aKNCN-GB
mmm aKNCN_RF

Values

MAE

MSLE
Metrics

MedAE

Fig. 2 Error metric comparison of competing models in predicting crop yield using the proposed two-tier ML approach

or MSLE. Using these current methods, a KNCN-ELM-
mBOA is simulated, and error metrics are employed to
evaluate the prediction efficacy of each technique. It is
evident from Table 2 that the MAE, MSE, RMSE, MSLE,
MedAE, and MAPE values generated by the proposed
aKNCN-ELM-mBOA were lower than those obtained
by the existing approaches. R?> and EVS values produced
by the proposed aKNCN-ELM-mBOA were higher than
those of the existing techniques.

Figure 2 visualizes key error metrics—MAE, MSLE,
and MedAE—for each model evaluated. The aKNCN-
ELM-mBOA demonstrates consistently lower error
values, validating its improved performance over exist-
ing methods. The suggested approach yielded lower
error values for MAE, MSLE, and MedAE compared

to previous methods, as illustrated in Fig. 2. Similarly,
the proposed model enhances MedAE and MSLE scores.
aKNCN-ELM-mBOA has an MAE of 0.064; aKNCN-
ELM has an MAE of 0.067; and aKNCN-ELM has an
MAE 0f 0.130, 0.165, 0.231, 0.233, and 0.293. Generally
speaking, if the prediction system has a low error rate, the
model is considered successful. As a result, the suggested
method for forecasting crop yield is practical.

Figure 3 highlights the performance of various algo-
rithms, with the aKNCN-ELM-mBOA achieving the low-
est RMSE and highest R?, confirming its superior ability
to model complex, non-linear relationships in agricultural
yield prediction. The recommended model outperformed
other methods in producing lower error levels for both
RMSE and MSE, as illustrated in Fig. 3. Nevertheless,
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A SPRINGER NATURE journal



726 Page 8 of 11

SN Computer Science (2025) 6:726

1.0 . .
E akKNCN-ELM-MBOA (Proposed)
B aKNCN-ELM-BOA
i aKNCN-ELM
0.8- Hmm akKNCN-ANN
B akKNCN-SVM
- aKNCN-GB
B aKNCN_RF
0.6 -
)
=
S
0.4 -
0.2

RMSE MSE
Metrics

Fig. 3 Comparative performance of machine learning models based on RMSE, MSE, and R? scores

the recommended strategy outperforms existing strate-
gies in terms of R? values. The R2 values for the fol-
lowing models are 0.806, 0.730, 0.636, 0.538, 0.359, and
0.174 for aKNCN-ELM-BOA, aKNCN-ELM, aKNC-
ANN, aKNC-SVM, aKNC-GB, and aKNC-RF, respec-
tively. The R2 value of the suggested model is 0.817.
Furthermore, the recommended model’s RMSE value
of 0.301 indicates a lower error rate than the other clas-
sification methods. As a result, the proposed paradigm
worked in every scenario.

Figure 4 compares the Mean Absolute Percentage Error
(MAPE) and Explained Variance Score (EVS) across
models. The aKNCN-ELM-mBOA achieved the lowest
MAPE and highest EVS, emphasizing its enhanced pre-
dictive reliability and variance explanation capability.
With respect to the results presented in Fig. 4, the recom-
mended strategy yielded a MAPE value that was lower
than that of any other strategy. Nevertheless, the pro-
posed method yields an EVS value that is higher than that
of existing methods. Thus, the MAPE values of aKNCN-
RF, aKNCN-GB, aKNCN-ANN, aKNCN-SVM, and
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aKNCN-ELM (Extreme Learning Machine) are 17.40,
13.71, 7.80, 9.68, and 5.56, respectively. The comparable
MAPE values for aKNCN-ELM-mBOA and aKNCN-
ELM-BOA are 3.932 and 3.871, respectively. More indi-
viduals selecting the optimal path of action leads to better
outcomes when using our recommended technique.
Figure 5 illustrates the close match between predicted
values and actual data. The aKNCN-ELM-mBOA model
shows superior alignment with real observations, con-
firming its robustness and practical utility in real-world
agricultural forecasting. The approach is considered suc-
cessful in predicting crop yields, as the forecasted results
are nearly identical to the actual results. It displays both
expected figures and actual data obtained from various
methods. The proposed aKNCN-ELM-mBOA predicted
the graph’s terminus more accurately than previous meth-
ods. The recommended aKNCN-ELM-mBOA was more
precise than other methods and closely matched real data.
AKNCN-GB provided lower accuracy compared to other
techniques. As a result, the proposed aKNCN-ELM-
mBOA outperforms existing techniques in effectiveness.
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Fig.4 Comparison of MAPE and EVS scores for yield prediction models

For the SVM, a radial basis function (RBF) kernel was
used with a regularization parameter of C=1.0. The ANN
model consisted of three hidden layers, each with 128,
64, and 32 neurons, respectively. The ELM model used
500 hidden neurons with a linear activation function.

The aKNCN-ELM-mBOA model outperforms other
techniques primarily due to: (1) efficient hyperparameter
tuning via the mBOA, enabling exploration of optimal
model parameters; (2) effective feature selection using
CBFA and VIF, which reduces noise and multicollinear-
ity; and (3) the adaptive architecture of the aKNCN com-
bined with ELM, which captures nonlinear dependencies
in the data better than traditional models. The superior
performance of the aKNCN-ELM-mBOA model can be
attributed to multiple factors:

e Advanced hyperparameter tuning via mBOA effec-
tively optimizes the model parameters, preventing
overfitting and improving generalization.

e The aKNCN architecture allows for better nonlinear
feature representation compared to traditional ELM
models.

e The two-tiered feature selection reduces noise and
multicollinearity, providing the model with the most
relevant inputs.

Conclusions and Future Work

This study predicts agricultural production using a two-tier
ML approach called aKNCN and ELM-mBOA. The pro-
posed aKNCN model is employed in the first layer to assess
soil quality based on data collected from Internet of Things
devices about nutrients. The soil quality score from the
ELM model, along with other factors such as temperature
and precipitation that influence crop production, are used to
estimate yield in the second layer. The mBOA helps opti-
mize the hyperparameters of the ELM prediction model to
increase accuracy. Python is the programming language used

SN Computer Science
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Fig.5 Accuracy comparison between predicted and actual crop yields across machine learning models

to develop this system. The performance of the proposed
prediction model is evaluated with a soil dataset. Compared
to existing classification methods, this approach yields bet-
ter results in terms of accuracy, RMSE, R2, MSE, MedAE,
MAE, MAPE, and EVS. The RMSE and MAE of the
aKNCN ELM-mBOA model are 0.301 and 0.064, respec-
tively. Future time series analysis will facilitate the predic-
tion of future values. Incorporating various factors such as
soil nutrients, soil quality, irrigated areas, and agricultural
locations could enhance the study’s scope and improve sys-
tem accuracy. Additionally, deep learning-based smart agri-
culture, which utilizes the Internet of Things, may further
enhance output quality. In future, incorporating a variety of
criteria, such as soil nutrients, soil quality, irrigated regions,
and agricultural locations, can expand the study’s scope and
improve the system’s accuracy. To enhance output quality,
deep learning-based smart agriculture may also be imple-
mented through the Internet of Things system.
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