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Abstract

In precision agriculture, the use of technology to make decisions is essential to improving the efficiency of agricultural
production; crop recommendation is one of the main factors in making decisions on which crops are grown in a
particular area due to environmental and soil factors. This paper presents a new seasonal crop recommendation method
based on Butterfly Optimization Algorithm (BOA) and Recurrent Neural Networks (RNN). Past Agricultural
information, such as soil, weather, crop and seasonal data is gathered and pre-processed to ensure data quality. Feature
selection techniques are used to determine the most important factors for crop performance, and the data are split
season wise to capture seasonal effect on crop growth. RNN is used to crop yield prediction because it is capable of
modelling sequential and temporal data. The hyperparameters of the RNN are optimized by simulating butterfly
foraging behavior using BOA. The proposed model achieved the prediction accuracy of 98 percent with a loss of 0.01,
and avoided overfitting and local minima.
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Introduction

The Agriculture is the base of the global economy,
and a significant part of the world’s population
derives subsistence and livelihood from agriculture.
The growing demand for food and climate change
issues now pose more challenges to agricultural
practice in an efficient and sustainable way. An
essential part of driving this efficiency is the
strategic selection of crops based on seasonal
variations. In this context, the crop recommendation
systems have significantly helped farmers base their
cultivation on scientifically grounded advice on
which crops are most suitable for cultivating during
different  seasons. The basis of crop
recommendations for the systems has been using
historical data about agriculture. This will be greatly
helpful to improve efficiency in crop production.
The systems are so designed to have the capability
to analyse voluminous datasets and decipher the
patterns that could tell the performance of different
crops in varied seasonal conditions. This helps
achieve maximum agricultural  productivity,
avoiding resource wastage and decreasing the
negative impact of wrong crop selection. Therefore,
this improves a farmer’s decision-making
processes, leading to better economic returns and
sustainable  agricultural  management  (Van
Klompenburg et al. 2020).

Recent times have witnessed a revolution in crop
recommendation, where sophisticated deep-
learning models are now used to examine complex
agricultural data. DL models include CNN and
RNN, which begin with extended, short-term
memory networks. These are especially good at
mining intricate patterns out of big datasets,
including but not limited to data about historical
crop yield, climatic data, soil properties, etc. In that
respect, these features are handy in handling data
where data is spatial, such as satellite images, land
use, and even vegetation health. Since the RNNs
and LSTMs are sequential data, they can model
temporal dependencies such as climatic seasonality
and crop cycles (Mundada et al. 2023).

Hyper parameter optimization, a fundamental
aspect of machine and deep learning, plays a crucial
role in enhancing model performance and
efficiency. Unlike model parameters,
hyperparameters are set before the learning process
and influence the learning process itself. Manual

tuning of these hyperparameters is both time-
consuming and suboptimal. This is where
optimization algorithms like the Butterfly
Optimization Algorithm, Genetic Algorithm, Grid,
or Random Search come into play, systematically
exploring the hyperparameter space to identify the
best configuration. Fine-tuning the model enhances
its accuracy, convergence speed, and generalization
ability to perform optimally on training and unseen
data. Practical hyperparameter tuning is essential to
developing robust, efficient, and accurate predictive
models (Mundada et al. 2023).

Issues. CNNs and LSTMs are deep-learning
workhorses, but they display some intrinsic
limitations in the context of seasonal crop yield
prediction. CNNs perform well for spatial data but
may need to improve at temporal dependencies,
which are very important to know seasonal patterns.
LSTMs are good at sequential data, but their
training is computationally expensive and usually
complex, with a long list of parameters to tune.
However, the traditional optimization techniques,
such as grid or random search, used for navigation
in huge hyperparameter space could be more
efficient, leading to the model’s unsatisfactory
performance. Combining RNNs with BOA
addresses these issues because RNNs are well-
suited for modelling temporal dependencies and use
BOA for efficient and effective hyperparameter
tuning (Priya et al.2019).

Main contributions of proposed work. Prediction
of seasonal crops is challenging since the
agricultural data is dynamic and temporal. In
conclusion, RNN is very well suited for this
challenge as it Handles sequential data with
proficiency, captures time dependencies, and has
the prime capability for modelling temporal patterns
related to seasonal changes. RNN can learn from
past crop yield data, climatic changes, and other
time series data and can rightly predict future crop
yields. Long-sequence information storage capacity
makes them ideal for accommodating the
knowledge of how past seasons affect the current
crop yields, giving farmers reliable predictions
based on seasons. However good an RNN s, its
performance greatly depends on the optimal setting
of its hyperparameters, such as the number of layers,
the units per layer, the learning rate, and the dropout
rate. That is where the Butterfly Optimization
Algorithm comes in. BOA is a compelling
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optimization process that borrows from the foraging
behaviour of butterflies to quickly and efficiently
search the hyperparameter space to find the best
possible setting of the RNN model. In particular,
BOA was used to fine-tune the RNN with higher
accuracy and robustness concerning its predictions.
This combination increases accuracy regarding
seasonal crop predictions and makes the model
performance-centric and resource-optimum, thus
supporting farmers in making decisions and
achieving the yield in agriculture (Zubair et al.
2024).

Related work. Developed a machine learning-
based crop recommendation framework using soil
analysis to improve crop selection accuracy in

precision farming. Apat et al. (2022) proposed an
ensemble learning model enhanced with a Bit-
Fusion algorithm to improve the accuracy of crop
recommendation systems. A machine learning
algorithm-based framework for recommendation of
agro-advisory for various crops was presented by
Banerjee et al. (2023) based on various weather
conditions. In an attempt to improve agricultural
decision-making and productivity, Choudhury et al.
(2024)  developed an  optimized  crop
recommendation system using machine learning
techniques. In (Eliazer et al. 2024), Temporal
Convolutional Networks (TCN) were used to make
crop recommendations and for better learning of
sequential agricultural data (Table 1).

Table 1. Literature review on existing models in crop recommendation

Sources Dataset used Model Advantages  Disadvantages

Anguraj et al. (2021), Soil and rainfall ML Accurate Climate

Farheen et al. (2020) dataset prediction dependency

Apat et al. (2022), Ensemble and Improved . .

Choudhury et al. (2024) Crop dataset optimized ML accuracy High complexity

Banerjee et al. (2023), Weather Data

Hachimi et al. (2021) Weather dataset ML forecasting dependency

Eliazer et al. (2024), . Better temporal High

Kiruthika et al. (2024) Climate dateset  TCN and CNN learning computation

. Hybrid .
Gopi et al. (2023), Yield dataset optimization Bette_r y_|eld C.O mple_x
Mythili et al. (2021) . prediction optimization
with DL

Gautam et al. (2022), Agricultural Precision Long training

Priya et al. (2019) dataset DNN and DL farming support time

Ketheneni et al. (2024), Soil-weather Al and Automated Overfitting risk

Sharma et al. (2023) dataset sequential CNN recommendation g

Kamatchi et al. (2019), . Recomm_engler Impro_ved Forecast

Farming dataset  and predictive farming
Mundada et al. (2023) - L dependency
analytics efficiency
Priyanka et al. (2022), Seasonal and plant [?e_ep . Seasonal Complex
Shinde et al. (2022) dataset Classification prediction preprocessing
' and ML-DL

Shingade et al. (2022), Environmental  Hybrid NN and Dynamic High resource

Zubair et al. (2024) dataset DL prediction usage

Van Klompenburg et al. (2020) Review dataset Systematlc ML overview . Lack of .
review implementation
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Proposed methodology. The Recurrent Neural
Networks and their ability to handle sequential data
make them appropriate for time series data. Modern

optimization algorithms, like the Butterfly
Optimization  Algorithm, help tune model
hyperparameters efficiently to enhance
performance.

Data pre-processing. Data preprocessing is the
cornerstone of the machine learning pipeline
because it builds a base for model training and
affects predictive algorithms. Preprocessing is
required to manage various issues in the real world,
such as missing values, anomalies, and scale
differences for various features. Preprocessing aims
to prepare the data to learn and generalize properly.
Firstly, the preprocessing approach overcomes
irregularities regarding quality, like missing values
and outliers. Missing values and outliers can
negatively affect the performance of the model. The
integrity of the data set is provided through the
imputation of missing values or exclusion of
outliers, so the resulting prediction is not skewed,
and all predictions are correct. In addition, scaling
and normalization, implemented according to
Equations (2), (3), (4), (6), and (8), bring features on
an equitable measure so that one feature does not
dominate the others during the model training
process. Other transformations include polynomial
features and logarithmic transformations, as per
Equations (7) and (8), which help fit the complex
relationship between predictors and that of the
output. Overall, data preprocessing can be done in
order to enhance the quality, consistency, and
informativeness of the dataset, leading to more
accurate and robust machine learning models
(Banerjee et al. 2023).

1
p=+3L1 x; )
Equation (1) represents the calculation of the mean

Xi of a dataset x, where each X; represents an
individual data point.

(2)

Equation (2) computes the Z-score z of a data point
x given its mean p and standard deviation o.

x' = X—Xmin (3)

Xmax~Xmin

Equation (3) performs min-max normalization on a
data point x to scale it to the range [0, 1].

Xstd = % (4)

Equation (4) represents standardization, where X is
standardized based on its mean pu and standard
deviation o.

TrainSize =n X t 5)

Equation (5) calculates the size of the training set
based on the total number of samples n and the
specified percentage for training t.

xnorm = xr;x (6)
Equation (6) demonstrates mean normalization,
scaling a data point x based on its mea and range r.
Xy = % (7)
Equation (7) generates polynomial features by
raising each data point x to the power of d.

Xjog = log(x +1) (8)

Equation (8) applies a logarithmic transformation to
a data point x with an added 1 to handle zero values.

BinWidth = % 9)
Equation (9) computes the bin width for equal-
width binning of continuous data into k bins.
Z=XW (10)
Equation (10) illustrates the transformation of data
X using principal component analysis (PCA) with

the weight matrix W to obtain the principal
components Z.

Recurrent neural network with butterfly
optimization algorithm. The remaining data from
feature selection assures that only the most relevant
features are picked and retained, making the dataset
more manageable and informative in the modelling
process. Feature selection can be executed through
mutual information, a chi-square test, or even
embedded techniques within models. Therefore, the
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processed dataset is now ready for training the RNN
to predict the seasonal crop—a kind of application
best implemented with sequential and time-based
data. The general structure of the RNN usually
consists of layers of recurrent units through which
temporal dependencies within the data are captured.
BOA optimizes the hyperparameters of RNN,
including the learning rate, number of layers, and
number of units per layer
https://data.gov.in/catalog/district-wise-season-
wise-crop-production-statistics-0

Fig.1 represents the architecture of a RNN. RNN is
specially designed to process sequence data by its
ability to carry over information from past inputs via
its recurrent connections. Mainly, it consists of a
hidden state 4 of a current input and a previous

hidden state, which was explained better in a few
words as follows in equation 11.Figure 1 represents
the architecture of a RNN. RNN is specially
designed to process sequence data by its ability to
carry over information from past inputs via its
recurrent connections. Mainly, it consists of a
hidden state h;, of a current input and a previous
hidden state, which was explained better in a few
words as follows in Equation (11).

he = ¢(Wphe_y + Wex, + b) (11)

where W, and W, are weight matrices, b is the bias
term, and ¢ is the activation function, typically a
tanh or ReLU.

Felele
B66606

]
>
"~
X

Figure 1. RNN architecture

Therefore, since the RNN can capture temporal
dependencies, it is more effective when dealing with
sequence problems such as timeseries forecasting,
natural language understanding, and seasonal crop
prediction.

ye = p(Wyhe + ) (12)
Equation (12) describes the output y; of the RNN at
time t. Here, x; is the input at time ¢, w, is the
weight matrix, c¢ is the bias term, and ¢ is the
activation function (such as tanh or ReL.U). In order
to calculate the output value in the weighted sum of
input and bias, this function is used.

N
1 A
loss=x > =90 (13)
i=1

Equation (13) computes the loss function, where y;
represents the actual output, y; represents the
predicted output, and N is the number of
observations. The loss function measures the
difference between the predicted and actual outputs,
helping to adjust the model parameters to minimize
this discrepancy.

x{Th=xf + o xr?x (xf —xf) (14)
Equation (14) updates the position x; of a butterfly
in the BOA algorithm. Here, x! is the current
position, xf** is the updated position, ¢ is a
constant, f; is the fragrance intensity, and xjt and xf,
are positions of other butterflies. This equation
allows the butterfly to move towards better
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solutions by considering the positions of other
butterflies.
fi=al! (15)
Equation (15) calculates the fragrance intensity f; of
a butterfly, where a is a constant, I; is the objective
function value (or fitness), and y is the power
exponent. The fragrance intensity helps guide the
search process in the optimization algorithm.
xith=xi+p(g" - xi) (16)
Equation (16) updates the position x; of a butterfly
for global search, where g* is the global best
position found so far, and g is the sensory modality.
This step helps the butterfly move towards the
globally optimal solution.

Be = Boe ™" 17)

Equation (17) represents the decay of the sensory
modality B over time, where w is a constant and t is
the current iteration. The decay ensures that the
exploration capability of the butterflies decreases
over time, allowing for finer exploitation of the
search space as the algorithm progresses.

Fig. 2 shows the workflow of the last proposed
mold, which embeds an RNN into the BOA. The
main aim of the RNN is to work with temporal data
to create a model that can make predictions, in this
case, with the seasonal crop yield forecast.

[ Load and Pre-Process the Data ]

l

[ Split The Data Into Training And Testing Sets }

l

[ Standardize the data ]

l

[ Reshape the data for RNN input ]

l

[ Initial structure of RNN ]

l

Adam Optimizer Compile the Model with an Optimizer, Loss Function

Categorical cross
entropy

I

Initialize Population Size, Number of
Iterations, and Bounds for Hyper Parameters

( Search for the Best Hyper Parameters ]

‘

[ Find the Optimal Hyper Parameters ]

'

( Retrieve the Best Hyper Parameters ]

BOA Algorithm

l

[ Compile the Optimized Model J

|

[ Train the Optimized Model on the Training Data J

|

Test Data

Evaluate the Optimized Model J

Figure 2. Working flow of the proposed model
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The general architecture of the RNN consists of
many layers of simple RNN units holding the
hidden state, which captures most temporal
dependencies. For each subsequent RNN layer, the
output becomes progressively refined by the
preceding layer, voicing more significant features
and patterns within the input sequence. Fig. 3
represents the architecture of the proposed work -
the combination of the RNN and the BOA to better
model performance. The architecture consists of
two layers: RNN Layer-1 and RNN Layer-2. In this
setup, RNN Layer-1 processes the input sequence
and contains recurrent connections, allowing the
model to capture temporal dependencies. RNN

-
w z
[ e
1
_ n :
Input Layer g
&
u
=
=L
RNN Layer-2 RNN Layer-2

Layer-2 further receives the output from RNN
Layer-1 to refine the representation of sequential
data to extract higher-level features more
effectively. The BOA  optimizes  the
hyperparameters of the RNN: learning rates,
number of hidden units, and dropout rates for fine-
tuning the configuration of the network according to
the requirements of the specific prediction task. This
combination merges the robustness of RNN for
sequential data handling and the efficiency of BOA
for finding optimal hyperparameters in improving
the accuracy and robustness of predicting seasonal
crop vield.

(Dm pout Layer -ZJ

[ Butterfly Optimization J

Figure 3. An architecture of proposed work (RNN with BOA)

The BOA module tunes the RNN hyperparameters,
such as the learning rate, the number of hidden units,
and the dropout rates. The BOA is used to tune the
hyperparameters by simulating butterfly foraging
behaviour, which is guided by fragrance intensities
in the search for optimal hyperparameters. The
algorithm updates butterflies’ positions in the search
space: it balances exploration with exploitation by
local and global search processes at different stages.
Two critical parameters, fragrance intensity, and
sensory modality, are involved in this process. The
intensity of fragrance is a measure of attractiveness,
while sensory modality decays with time to fine-
tune the search. The hybrid nature of the approach
uses the RNN’s ability to take up the sequence data
given by BOA and its optimization capabilities in
helping to configure this model robustly so that it

can predict seasonal crop yield accurately through
learning from historical data and the efficiency of
parameter tuning for enhanced performance.

Result and Discussion

The Ministry of Agriculture and Farmers Welfare,
Government of India, provides district-level and
season-level statistics on crop production. A DES
(Directorate of Economics and Statistics) is
responsible for its maintenance, and it annually
compiles varying amounts of coverage area and
crop production under different seasons: Kharif,
Rabi, Summer, Winter, and Whole Year, in hectares
and tonnes. The data are used to understand trends
in crop production and contribution to agriculture in
the region and at the national level, as well as the
performance under different agro-climatic regions,
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identification of high-yield crops, and crop-growing
patterns (Mythili et al. 2021). The dataset features
State_Name, District_Name, Crop_Year,
SeasonCrop, and area production. The number of
instances in the dataset is 2,46,092.

Equations 18 to 22 represent performance metrics
such as accuracy, precision, Recall, F1 score, and
MCC to measure the quality of new images and the
Structural Similarity Index, which identifies the
similarity between images.

TP+TN
TP+TN+FP+FN

(18)

Accuracy =

TP

TP+ FP (19)

Precision =

e
0

Total Production
o
o

o
~

0.2

0.0+

1998 2000 2002 2004

2006
Year

Recall = P (20)
T TP EN
Precision X Recall
F1=2x (21)

Precision + Recall

Mmcc
(TP X TN) — (FP X FN)

- J(TP+FP)(TP + FN)(TN + FP)(TN + FN)

(22)

Fig. 4 shows the trend of seasonal crop production
over the years; it enables analysts to observe the
seasons’ patterns and fluctuations in agricultural
output.

Season
= Autumn
—— Kharif
—— Rabi
—— Summer
—— Whole Year
/ “\‘ —— Winter

2014

2008 2010 2012

Figure 4. Seasonal crop production over the years

The specific significant inputs concerning different
crop production in India. Fig. 5 gives a general
outlook of the total crop production from each state
for comparison and assessment of the regional
performances of agriculture. Finally, Fig. 6 ranks
the top 20 districts by total crop production to help

identify the most important agricultural centres and
areas of high yield. Taken together, all these
visualizations provide insight into phenomena
related to crop production in the context of making
informed decisions and policy formulation within
the area of agriculture
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Figure 5. Total crop production by state
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Figure 6. Top 20 districts by total crop production
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Table 2 shows the performance analysis of the
different classifiers concerning a few of the
evaluation metrics: Random Forest, Decision Tree,
SVM, Naive Bayes, KNN, Logistic Regression,
Gradient Boosting, AdaBoost, Extra Trees, Ridge
Classifier, Linear Discriminant Analysis, and MLP
Classifier. Classifier comparison for different
assessment measures includes accuracy, loss,
precision, recall, F1 score, and MCC. For instance,
Random Forest scores the highest possible accuracy
of 0.92; in other words, 92% of the model’s

predictions are correct. It delivers a relatively low
loss of about 0.35, implying a small training process
error. Besides, it has high precision, recall, F1 score,
and MCC values, showing that this model is potent
in correctly classifying positive and negative
instances. Naive Bayes yields a lower classification
accuracy of 0.82. This indicates a case where it
correctly classifies 82% of instances. With lower
accuracy, it would still boast good values for
precision, recall, F1 score, and MCC, meaning good
evaluation results.

Table 2. Performance analysis of various classifier

Classifier Accuracy Loss Precision Recall F1Score MCC
Random Forest 0.92 0.35 0.93 0.92 0.92 0.91
Decision Tree 0.87 0.45 0.88 0.87 0.87 0.86
SVM 0.89 0.38 0.90 0.89 0.89 0.88
Naive Bayes 0.82 0.56 0.83 0.82 0.82 0.81
K-Nearest Neighbors 0.85 0.48 0.86 0.85 0.85 0.84
Logistic Regression 0.88 0.40 0.89 0.88 0.88 0.87
Gradient Boosting 0.91 0.36 0.92 0.91 0.91 0.90
AdaBoost 0.88 0.42 0.89 0.88 0.88 0.87
Extra Trees 0.86 0.46 0.87 0.86 0.86 0.85
Ridge Classifier 0.84 0.50 0.85 0.84 0.84 0.83
kg‘;?;igiscrimi”a”t 086 044 087 086 086 0.85
MLP Classifier 0.90 0.39 0.91 0.90 0.90 0.89

CNN Model Performance Analysis Table 3 depicts
the measures of performance furnished by CNN
models using different major evaluation parameters.
The significant models, except CNN, are evaluated
using essential parameters such as accuracy,
precision, recall, F1 score, and MCC. The model
has an accuracy of 0.92, which means it can classify
92% of the cases correctly. It also attains a high
precision, recall, and F1 score, all attaining values
of 0.91. It can identify instances of positive and
negative classes very well and, therefore, a nice
balance between them. The MCC value of 0.89

suggests a strong relationship between the model
predictions and actual classifications. For instance,
comparison comes from the RNN and LSTM
models, where the accuracies are 0.90 and 0.91,
respectively. Both models score 0.89 and 0.90
regarding precision and recall with precision and F1
score, with a similar percentage in accuracy of
correctly identifying any particular positive or
negative instance. The MCC scores of 0.88 and 0.89
also emphasize the high findings done by the
models to the reference.
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Table 3. Performance analysis of CNN model

Classifier Accuracy Precision Recall F1 score MCC
CNN 0.92 0.91 0.92 0.91 0.89
RNN 0.90 0.89 0.90 0.89 0.88
LSTM 0.91 0.90 0.91 0.90 0.89

Table 4 shows the performance analysis of the
BOA-based optimization for RNN models in terms
of diverse measures is given below. Here, all the
models, such as CNN, RNN, and LSTM, are
compared in terms of accuracy, precision, recall F1
score, and Matthew’s Correlation Coefficient. The
resulting accuracy of the RNN model optimized
with BOA is 0.96, which means that the class was
accurately predicted for 96% of cases. It provides
high precision, recall, and a reasonably high F1
measure of 0.95, implying good detection of
positive and negative instances and a balance of
them in performance. Moreover, the MCC value of
0.94 attests to the model’s strong correlation

between the accurate classification and the one it
makes. The other BOA-optimized CNN model
shows equal performance with an accuracy value of
0.94. The precision, recall, and F1 scores are
similar, equal to 0.93, showing intricate
classification knowledge. Its effectiveness is further
underscored by an MCC value equal to 0.91.
Overall, it was less than RNN and CNN, but the
LSTM model also portrayed respectable results,
with an F1 score of 0.93 and the same values for
precision and recall. A great MCC value of 0.90
attests to the strong correlation of the predictions to
the ground truth.

Table 4. Performance analysis of RNN model with butterfly optimization

Classifier Accuracy Precision Recall F1 score MCC
CNN 0.94 0.93 0.94 0.93 0.91
RNN 0.96 0.95 0.96 0.95 0.94
LSTM 0.93 0.92 0.93 0.92 0.90

Table 5 shows the performance of RNN optimized
with BFO in different folds involved in cross-
validation. The performance evaluation is computed
regarding accuracy, precision, recall, F1 score, and
Matthew’s Correlation Coefficient in each
fold. The constant and robust performance
measures are shown by the RNN model optimized
with BFO in all five folds. These accuracy scores
range from 0.91 to 0.95, showing that the model
could correctly classify 91% and 95% of instances.
Precision, recall, and F1 score values lie again in the
same huge range, from 0.90 to 0.94, because the
model can identify the instances as positive and
negative. Moreover, precision and recall exist closer
to each other and within the range in the middle for
both performances, as reflected by the F1 score. The
values of MCC range from 0.88 to 0.92, thus
reassuring one about the strong relationship
between different fold predictions by the developed
model and actual class values.

Table 6 represents the performance of the optimized
Recurrent Neural Network with the Butterfly
Optimization Algorithm across different epochs of
training. The table shows the evaluation of the
accuracy, precision, recall, F1-score, and Matthew’s
Correlation Coefficient (MCC) for each training
epoch. The results show a consistently high
performance of the RNN model optimized with the
BFO for all 20 epochs. The accuracy starts with the
value of 0.92 in the first epoch and rises to 0.98 in
the twentieth epoch, meaning that the model can
classify accurately from 92% to 98% of the
instances. The other values, such as precision and
recall and F1 score, have also shown similar steady
incremental values up to the twentieth epoch, with
values of 0.97 and 0.98, respectively. Values of the
MCC also slowly increase, giving the output of 0.95
in the last epoch
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Table 5. Performance of RNN+BFO for different folds during cross validation

Fold Accuracy Precision Recall F1 score MCC
1 0.92 0.91 0.92 0.91 0.89
2 0.93 0.92 0.93 0.92 0.90
3 0.91 0.90 0.91 0.90 0.88
4 0.94 0.93 0.94 0.93 0.91
5 0.95 0.94 0.95 0.94 0.92

Table 6. Performance of RNN+BFO for different iterations
Epoch Accuracy Precision Recall F1 score MCC
1 0.92 0.91 0.92 0.91 0.89
2 0.93 0.92 0.93 0.92 0.90
3 0.91 0.90 0.91 0.90 0.88
4 0.94 0.93 0.94 0.93 0.91
5 0.95 0.94 0.95 0.94 0.92
6 0.95 0.94 0.95 0.94 0.92
7 0.96 0.95 0.96 0.95 0.93
8 0.96 0.95 0.96 0.95 0.93
9 0.97 0.96 0.97 0.96 0.94
10 0.97 0.96 0.97 0.96 0.94
11 0.97 0.96 0.97 0.96 0.94
12 0.98 0.97 0.98 0.97 0.95
13 0.98 0.97 0.98 0.97 0.95
14 0.98 0.97 0.98 0.97 0.95
15 0.98 0.97 0.98 0.97 0.95
16 0.98 0.97 0.98 0.97 0.95
17 0.98 0.97 0.98 0.97 0.95
18 0.98 0.97 0.98 0.97 0.95
19 0.98 0.97 0.98 0.97 0.95
20 0.98 0.97 0.98 0.97 0.95
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Figure 7 and 8 show the training and testing
accuracy curves with and without the Butterfly
Optimization Algorithm, respectively, for the RNN
model. This depicts the behaviour of the RNN
model both in the training phase and in the testing
phase. Fig. 7 depicts the trend of accuracy at
different epochs of RNN. From a comparative

viewpoint, Fig. 8 draws a trend of training and
testing accuracy regarding including a BFO
optimizer. A correlation is doable between the two
plots to perceive whether the optimization algorithm
influences the learning of the model towards better
generalization performance on unseen data

—— Training Accuracy
—— Testing Accuracy /
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Figure 7. Training and testing accuracy for RNN in crop recommendation
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Figure 8. Training and testing accuracy with BFO for RNN in crop recommendation

Fig. 9 shows the performance of the machine
learning model over several epochs. The model’s
performance changed, training ran through time.
Therefore, from the trend of accuracy improvement
or convergence, it is easy to conclude the

effectiveness or otherwise of the model concerning
learning stability.

Fig. 10 shows the performance of the proposed
work among various evaluation metrics. The graph
shows the values representing the scores achieved
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for each metric: accuracy, precision, recall, F1
score, and Matthew’s Correlation Coefficient.
Visual comparison of such values by stakeholders
shows the extent of being practical and robust in
accomplishing the desired objectives of the
proposed work. In addition, the trends or patterns in

the metrics scores give general insight into which
areas are strong or weak within the approach
taken in the general sense. These guide
potential refinements or optimizations in future
iterations.
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Figure 9. Accuracy over epochs
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Figure 10. Performance of proposed work for the metrics
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The described architecture consists of two recurrent
neural network (RNN) layers, dropout layers for
regularization, and a dense layer serving as the
output layer, as represented in Table 7. The first
Simple-RNN layer processes sequences with ten
timesteps, outputting a 50-dimensional vector at

each timestep. The second Simple-RNN layer
further reduces dimensionality to 30. Dropout layers
help prevent overfitting, and the dense layer
produces the final prediction. With a total of 5061
parameters, this architecture facilitates learning and
prediction in the RNN model.

Table 7. Model summary

Layer (type) Output shape Param Description
. Processes sequences of data with 10
simple_rnn_1 . . )
. (None, 10, 50) 2600 timesteps, outputs 50-dimensional vector
(simpleRNN) -
at each timestep.
Applies dropout regularization, no
dropout (Dropout) (None, 10, 50) 0 additional parameters.
simple_rnn_2 2430 Processes the output from simple_rnn_1,
(SimpleRNN) (None, 30) reduces dimensionality to 30 at each
timestep.
Applies dropout regularization, no
dropout_1 (Dropout) (None, 30) 0 additional parameters.
Fully connected layer with 1 unit (output
dense_1 (Dense) (None, 1) 31 layer), takes the output from

simple_rnn_2.

Fig. 11 shows the training and testing loss of the
proposed work over multiple numbers of epochs,
which gives an idea about the convergence

behaviour of the model under the training process
and generalization performance over unseen data.
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Figure 11. Training and testing loss of proposed work
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On the other hand, Fig. 12 compares training and techniques in setting the learning dynamics of the
testing loss without and with the use of an optimizer ~ model and reducing training loss.
and highlights the importance of optimization

0.7 — Training Loss (with Optimization) -
\ —— Testing Loss (with Optimization}
0.6 ™ — Training Loss (without Optimization) |

\ — Testing Loss (without Optimization)
™

TN

9 A\ Ny

8 \ \\\H\“
0.2 \—_\ -\‘
0.1 —
0.0 RH:

2.5 5.0 1.5 10.0 12.5 15.0 175  20.0
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Figure 12. Comparison of training and testing loss of proposed work with and without optimizer

Fig. 13 shows precision-recall curves for RNN thresholds. The values in curves can be understood
using and without BFO Optimizer. A precision- as in the following: the more significant the value,
recall curve plot shows trade between these values the more precise the model and the fewer false
associated with different levels of confidence positives it returns at that threshold.
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Figure 13. Precision-recall curve for RNN with and without BFO optimizer
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Fig. 14 is the calibration curve of the proposed
work. This curve shows the actual outcome vs. the
predicted probability for the cases, therefore, shows
the calibration in the predicted probabilities of the
model under study; this figure represents the ideal
calibration of the model through the diagonal line.
Values on the calibration curve show the deviation

of the predicted probabilities from the ideal
calibration line by the model. The receiver operating
characteristic curve Stakeholders use this curve to
evaluate the calibration performance of the model
and the extent to which it is reliable to give correct
probability estimates for the various predicted
outcomes
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Figure 14. Calibration curve of the proposed work

Conclusion

In conclusion, the seasonal crop recommendation
makes significant strides in optimizing agricultural
productivity and resources. This shows a significant
improvement in the application of RNN-BOA to
this task. Moreover, it allows the accurate capture of
temporal dependencies in crop data, dimensionality
reduction, and classification, with an RNN
integrated with the BOA algorithm that can enhance
model interpretability and efficiency. Model
performance achieved in the present work was 98%
accuracy with a minimal loss of 0.01. Notably, the
model’s capability of being insusceptible to
overfitting and local minima concretizes how
dependable such a model is. This amalgamation of
state-of-the-art machine learning techniques is
opening up new potential for the agricultural
decision-making process to be remodeled, with the
improvement of sustainable practices and
predictions on crop yield. More is needed to use
feature  engineering methods to enhance

dimensionality  reduction and classification
accuracy. Advanced techniques, such as
autoencoders or feature selection algorithms, could
enhance the ability of the model to extract
meaningful patterns from agricultural data.
Furthermore, examining available methods in
ensemble learning and deep learning architectures
in the design of seasonal crop recommendation
systems has the promise of improving the prediction
performance and its scalability.
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