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Abstract—In the modern Indian economy, agriculture is the
most vital sector. Agriculture is an important source of revenue
for the majority of the population of the world. Proper
management of crops, crop species, crop field conditions,
livestock, etc., can improve agricultural systems. The four primary
subcategories of crop management are crop yield production
management, weed management, crop disease management, and
crop quality management. Planning agriculture, utilizing
resources, and satisfying demand to ensure food security depend
on accurate crop yield estimation. Crop yields are heavily
influenced by climatic features like solar radiation, wind speed,
rainfall, temperature, etc. Traditionally, crop yield management
was completely performed by the farmers based on their
experience using various techniques like crop rotation, mixed
cropping, timely growing of crops, etc. These methods are
combined with modern technologies like Artificial Intelligence,
Internet of Things, drones, precision agriculture, etc., to improve
crop productivity while considering preservation of natural
resources. This study performed crop yield prediction using four
baseline models based on machine learning: Decision Tree,
Multiple Linear Regression, Support Vector Regression, and
Random Forest. One of the best baseline models is further
improved using nature-inspired algorithms. Four nature-inspired
optimization algorithms used are: Whale Optimization Algorithm,
Harris Hawks Optimization, Particle Swarm Optimization, and
Grey Wolf Optimization. Particle Swarm Optimization-based
optimized RF performed the best with R2=98.32, MAE=9.2766.

Keywords—Crop yield prediction; impact of climate change;
decision tree; support vector regression; linear regression and
random forest; particle swarm optimization; whale optimization
algorithm; Harris Hawks optimization; grey wolf optimization

I.  INTRODUCTION

Climate change is an important challenge that impacts
various living beings and our environment directly or indirectly.
Continuous change in climate and the rise of CO2 concentration
in our environment are making agricultural system enhancement
more challenging [1]. The Food and Agriculture Organization
(FAO) reports that there has been a sharp rise in grain
consumption and demand as compared to crop production. From
1964 to 2030, the demand for rice, wheat, and other coarse
grains increased steadily [2].

In agriculture, food security is highly threatened by climate
change, as this change affects crop production. The impact of
climate change on agriculture includes sudden increases or
decreases in temperature, variable precipitation patterns, and a
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rise in the frequency of weather events [3][4]. In the agricultural
sector, weather forecasting affects when crops are planted,
harvested, and irrigated. This eventually helps to maximize crop
yields and ensures food security [5]. Estimating crop production
is a crucial component that depends on a number of variables,
like soil characteristics, climate, and irrigation [6].

In the traditional crop assessment system, assessing soil
health, crop growth, crop yield prediction, crop field
management, etc. was done through manual observations,
agricultural surveys, or by agricultural experts. However, wrong
assessment led to reduced crop production. Numerous
mitigating techniques have been employed over the past few
decades, but the environment is still changing. Predicting crop
yield is a challenge in modern precision agriculture, despite the
proposal of numerous efficient models [7]. These models depict
how temperature and precipitation variations directly impact
crop production due to climate change.

The improvement of agricultural systems is greatly aided by
Machine Learning (ML) approaches. ML is a scientific field that
enables machines to learn without explicit programming [8].
Agriculture is increasingly using machine learning techniques to
track and forecast environmental variables [9]. Numerous ML-
based models have been proposed for agricultural system
improvement [10]. However, managing massive volumes of
data for precise conclusions and identifying the most significant
climatic characteristics are the primary areas of worry. This can
be resolved by employing an effective method that can also
improve forecast performance.

In order to create more intelligent, quicker, and flexible
systems, software engineers are increasingly using these natural
designs. We refer to this method as "nature-inspired algorithms."
It entails researching how organisms act, such as how ants locate
food, how the brain learns, and how ecosystems maintain
equilibrium, and then transforming those behaviours into
functional software solutions. In order to solve open-ended
problems, nature-inspired optimization strategies are both
necessary and beneficial. Researchers and academicians can
pursue a variety of avenues by comprehending nature-inspired
methods and their significance for resolving practical issues.

A model for predicting agricultural crop yield while taking
weather conditions into account has been proposed in this
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research. The following is the planned work's primary
contribution:

e A complete data-analytic-based framework is created
using existing algorithms for prediction of crop yield
based on the impact of climate change through nature-
inspired optimizing algorithms. The framework
establishes how climate and agricultural variables can be
incorporated into crop-yield prediction.

e Feature selection is performed using the RF approach.

e Crop yield prediction is performed using Multiple Linear
Regression (MLR), Decision Tree (DT), Support Vector
Regression (SVR), and Random Forest (RF) baseline
models.

e The RF model is optimized using Particle Swarm
Optimization (PSO), Whale Optimization Algorithm
(WOA), Harris Hawks Optimization (HHO), and Grey
Wolf Optimization (GWO) to predict crop yield.

This study's remaining sections are arranged as follows:
Section II illustrates literature related to the proposed model.
The suggested Crop Yield Prediction technique is briefly
described in Section III. Section IV illustrates evaluation metrics
used for comparison. Section V illustrates results and
discussion. In Section VI, the entire study project is finally
concluded.

II.  RELATED WORKS

Numerous studies have been done in this field, which
include identifying the best crop(s) and predicting crop yields
using weather and soil information. Different articles related to
the proposed work are summarized as follows:

Ramesh et al. [11] performed crop yield prediction using
Neural Network (NN), Convolutional Neural Network (CNN),
Long Short-Term Memory (LSTM), Recurrent Neural Network
(RNN), and Deep Neural Network (DNN) and proposed a
hybrid model that combines DNN with WOA and Adaptive
PSO, which performed better than the other models. Mohanty et
al. [12] performed rice yield forecasting at the district level in
Odisha using MLR and Quantile Regression (QR) as base
models and proposed a hybrid model that merges RF, eXtreme
Gradient Boosting (XGBoost), and Artificial Neural Networks
(ANN) models based on crop and climate data of Odisha.
Chaurasia et al. [13] proposed a hybrid model that combines LR,
Support Vector Machines (SVM), k-Nearest Neighbors (kNNs),
DT, RF, and XGBoost based on ensemble learning for crop yield
forecasting.

Manjunath et al. [14] performed crop yield prediction using
Random Forest (RF), XGBoost, Decision Tree (DT), SVM, and
Linear Regression (LR) and then merged the three best of these
models using the ensemble learning (Voting) technique and
concluded that the hybrid model performed better.
Dehghanisanij et al. [15] proposed a hybrid model that uses
Adaptive Neuro-Fuzzy Inference System (ANFIS) and the
Seasons Optimization (SO) algorithm to estimate water-use
efficiency and yield in apple orchards. Cao et al. [16] performed
wheat yield prediction at country level and field level using
traditional models: RF and three deep learning-based models:
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Deep Neural Networks (DNN), 1D Convolutional Neural
Networks (1D-CNN), and Long Short-Term Memory (LSTM)
model, and concluded that all four models performed well at
country-level prediction, whereas DNN and RF performed too
well at field-level prediction.

Khaki et al. [17] performed crop yield prediction of corn and
soybean based on archived yield data, climate data, and soil data
using a hybrid model that combines Convolutional Neural
Network and Recurrent Neural Network (CNN-RNN). Han et
al. [18] performed wheat yield prediction based on Climate, soil,
vegetation index, cropland, and crop yield data using SVM,
Gaussian process regression (GPR), RF, DT, NN, k-NN,
boosted trees, and bagging trees, and concluded that SVM, RF,
and GPR performed better than the other models. Sun et al. [19]
proposed a hybrid model, CNN-LSTM, for prediction of
Soybean yield based on past yield data, climate data, and
Moderate Resolution Imaging Spectroradiometer (MODIS)
data. Gopal et al. [20] proposed a hybrid model, MLR-ANN, to
predict paddy yield based on Cropland, climate, soil, and past
yield data. Hilal et al. [21] performed yield prediction of palm
oil based on past yield data, cropland data, climatic data, and air
pollutants data using Genetic algorithm/correlation analysis
(GA/CA).

Sanchez et al. [22] performed crop yield prediction of
multiple crops using Multiple linear regression, MS5-Prime
regression trees, perceptron multilayer neural networks, and
concluded that M5-Prime and k-nearest neighbors performed
better than other algorithms. To effectively predict agricultural
productivity, it is crucial to observe climate patterns during
sowing, the growing season, and throughout the year [23]. It is
very difficult to accurately anticipate the crop growth stage
using climate data because of very complicated dynamics that
result in considerable changes in climatic factors [24]. Deep
models used in [11], [17], [19], etc. have hidden parameter
interactions. Stacking or voting architectures used in [12], [13],
[14], etc. combine powerful baseline models but leave their
hyperparameters fixed or unoptimized. In order to mitigate these
concerns, this study has proposed an effective crop yield
prediction model using RF optimization.

III. METHODOLOGY

Crop yield prediction while considering climate change is
one of the important challenges in agriculture as climatic
variables are fluctuating with respect to time. We depend on it
to ensure food security and fulfill the future’s food demand so
as to accommodate the increase in the world's population of our
world.

Fig. 1 depicts the methodology used for crop yield
prediction. The proposed model is suitable for better prediction
of yield, which can be used to increase crop yield production to
fulfil future food demand. The model takes data related to crops
and climate as an input. The input dataset is preprocessed by
removing irrelevant columns and duplicate values. Then it is
split into training data and Test Data. After splitting, One-Hot
Encoding and normalization are performed in order to improve
the classification accuracy. Following that RF based features
selection is performed. The next step is to train the model using
four machine learning baseline models: DT, MLR, SVR, RF and
crop yield prediction is performed. Out of these four baseline

606 |Page

www.ijacsa.thesai.org



(IJACSA) International Journal of Advanced Computer Science and Applications,

models, the best model is selected for further improvement using
nature-inspired algorithms. Four RF optimized models: PSO
optimized RF; WOA optimized RF; HHO optimized RF; and
GWO optimized RF are trained and crop yield prediction is
performed. The proposed model is explained as follows:

INPUT DATA
BASELINE MODELS Model Optimization
Data Prepi ing
e
Train-Test Split SVR
R BEST MODEL _+ RESULTS
- SELECTION
Feature Encoding MLR
HHO
v
R WOA
RF Feature

Selection

Fig. 1. The proposed model for crop yield prediction.

A. Crop and Climate Data

The crop yield dataset includes crop and climate data of
different states of India taken from www.kaggle.com [36].
Dataset includes 19,689 unique samples/records. The dataset
covers all states in India. The prediction based on the dataset
can be used for improvement in the current agriculture system.

B. Data Preprocessing

In this part of the model, stateless preprocessing operations
like removal of irrelevant columns and duplicate values,
exploring dataset, separating the target variable from the others,
etc., are done in this phase.

C. Train-Test Split

In the proposed model, two-way splitting is performed,
splitting the data into training data and Test data. The model is
fed the Train data in order to identify patterns and establish its
own internal rules. The Test data serves as a last check to verify
if the model can accurately predict data that it has never seen. In
ML, to evaluate model performance, a Train-Test split is
utilized. This split also avoids overfitting and helps in real-world
simulation.

D. One-Hot Encoding and Normalization

A data preprocessing method called "One-Hot Encoding" is
employed to convert categorical data into a numerical
representation that is understandable by ML algorithms. For
every category, it generates distinct binary columns, where 0
denotes the absence of a category, and 1 denotes its existence.
The next step is to convert the encoded data into a form that is
required by the data mining algorithms and improves the model.
This conversion or transformation is known as data
normalization. Here, Z-score normalization is used for data
normalization [Eq. (1)].

z==t (1
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where, X represents the actual value, p represents the
population’s mean, and ¢ is the population's deviation. A
correlation heat map is used for initial feature selection.

E. RF-Based Feature Selection

Feature selection is a process to select features that are most
important for the model. By lowering overfitting, increasing
accuracy, and cutting down on calculation time, it may improve
the performance of the model. Feature selection, which involves
figuring out those features which are most relevant for building
a predictive model, is a crucial step in the machine learning
process.

We conducted an ablation study by performing features
selection using PSO, WOA, GWO, HHO, BACO (Binary Ant
Colony Optimization) and RF. But PSO, WOA, HHO, GWO,
and BACO selected features that excluded the main feature; no
climate features were selected by these algorithms. Therefore,
we used RF feature selection for the same, as it selected climate
features, which justifies this manuscript.

F. Crop Yield Prediction

Crop Yield Prediction is performed using the features
selected by RF through eight models: four baseline models DT,
SVR, MLR, RF, and four optimized RF models, which are
optimized using PSO, GWO, HHO, and WOA optimization
algorithms. The following part of this section briefly explains
these models. Training dataset with N samples and p features is
expressible as:

Dataset = {(X;, YD)}V, 2

where, X; = (X;1, X2, ..., X;) ie. ith sample of
the Dataset, Y; is the original yield of i sample, N is the total
count of samples, k = 1,2, ..., p is a feature's index.

G. Decision Tree (DT)

A supervised learning-based approach used in ML, data
mining, and statistics is decision tree learning. The DT approach
can be used for classification as well as for regression. Here, it
is used for regression purposes. DT approach creates a
hierarchical tree structure that includes a single base node,
branches, internal nodes, and leaf nodes. It functions similarly
to a flowchart for step-by-step decision making [25] [26]. Fig. 2
depicts the Decision Tree Regression Approach briefly.

In DT, firstly, the mean of the node is computed as:
= 1

where, ¥ represents the mean crop yield of the node, n
represents total samples’ count in the node, and Y; is the actual
crop yield of the i sample in that node. After it Mean Squared
Error is computed as:

1 —
MSE =231, (¥; - 72 (4)

The next step is to split, every feature is tested for different
threshold values, and the weighted MSE is computed as:

Sterel [Seigne
MSEgyic = =2 MSEpepe + = 5 MSEpigne ~ (5)
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| DECISION TREE (DT) APPROACH |

1. INPUT DATASET
Training data with features and target (Y)
¥
2. SELECT BEST SPLIT
* Evaluate all features

* Choose the split with minimum impurity
(or maximum information gain)

¥

3. CREATE DECISION NODE

Use the best feature and split value

¥

4. SPLIT DATA INTO CHILD NODES
Divide the dataset based on the split

i

5. REPEAT SPLITTING
Recursively repeat the process for each child node
until a stopping criterion is met

I

v ¥

6. LEAF NODE 6. LEAF NODE
Store predicted value eiee Store predicted value

(for regression) (for regression)

[ I

v
7. FINAL PREDICTION
Output the predicted value for new data

Fig. 2. Decision Tree (DT) working.

where, S is count of samples before splitting, Sy ¢ is the
count of samples in the left split, Sg;qp; is count of samples in
the right split, MSE . ¢, is the left split’s Mean Square error, and
MSEgign: 1is the right split’'s Mean Squared Error.
MSE} ¢ and MSEp; gy, can be computed as:

1 —
MSE o5: = EZ(YL'_Left — Yiese) (6)
1 —
MSEgign: = MZ(Yi_Right — Yrignt) (7

where, Y; ;¢ is the actual crop yield of'a sample in the left
node and Y; p;gp; is the actual crop yield of a sample in the right
node, Y, ¢ is mean crop yield of the left node, Yg;gp; is mean of
crop yield of the right node. The best split is selected as:

(k",t") =arg arg MSEqye (k, 1) (8)

where, k is candidate’s feature index, t is the candidate’s
threshold value, k™ is the best feature which is selected for split,
t* is the best feature’s threshold, MSEg,;;(k,t) is weighted
MSE computed using j feature and t threshold value. Splitting
is done till we reach a leaf node. Once a new sample reaches a
leaf node, compute prediction as:
1

V=_%Li% ©)

where, ¥ is the predicted crop yield of the node, n
represents total samples’ count in the leaf node, Y; actual crop
yield of each sample in the leaf.

The reduction of the Mean Squared Error (MSE) is the
primary goal of DT:

1 ~AN\2
MSE =3, (Y = ¥)" (10)
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where, N is the training sample count, Y; is actual crop yield
of ith sample, Y; is the predicted crop yield of the ith sample,

(Yi - 171)2 is the residual error squared.

H. Multiple Linear Regression (MLR)

MLR Targets Defining a Linear Relationship between a
Dependent Variable and Numerous Independent Variables.
Researchers Can Investigate the Effect of Multiple Independent
Variables on the response simultaneously by Using Multiple
Regression [27]. Fig. 3 depicts the working of the MLR Model.

MLR equation for crop yield of a sample is as follows:
Y = f(Xin, Xz, o) Xite) (11
Eq. (11) can be converted to the following form:
Yi = Bo + BriXis + BaXiz + -+ BuXue + € (12)

where, f3 is the intercept, 5; 5, B are the coefficients of
features (X; X, X)) and €; represents the random error term of
ith samplei = 1,2, ..., N.

[ MULTIPLE LINEAR REGRESSION (MLR) APPROACH |

1. INPUT DATA
Dataset with multiple independent variables
(X1, X3, --., X,,) and target (Y)

!

2. MODEL FORMULATION
Assume a linear relationship
Y = Bo+ B1X1+ B2Xs + ... + BaX,, + £

v

3. PARAMETER ESTIMATION
Estimate coefficients (8o, B1, ---» Br)
using Ordinary Least Squares (OLS)

4. MODEL EVALUATION

Evaluate model performance
(R2, RMSE, MAE, etc.)

¥

5. PREDICTION
Use the fitted model to predict
the target for new data

Fig. 3. Multiple Linear Regression (MLR) working.

The complete matrix representation of the above Eq. (12)
can be written as:
+ | (13)

1A
Yn 1 an "'Xnk ﬁk En

Ordinary Least Squares (OLS) solution is used to compute
the regression coefficients as:

g =X"X)"XTy (14)

1 Xi1 Xk ] [Bo €
1 X5 :"sz b1 €2

MLR equation for crop yield prediction of a sample is as
follows:

?l = ,éo + B1Xi1 + ,éZXiz +et ﬁnXik (15)
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Residual error (e) is computed as:
e=Y,- 7 (16)

The reduction of the Mean Squared Error (MSE) is the
primary goal of MLR also [same as of DT, Eq. (10)].

1. Support Vector Regression (SVR)

In 1996, Vladimir N. Vapnik, Harris Drucker, Christopher J.
C. Burges, Linda Kaufman, and Alexander J. Smola introduced
a regression using SVM. We refer to this technique as support
vector regression (SVR). SVR aims at finding the optimal fit that
precisely predicts the objective variable while lowering
complexity to prevent overfitting. This is accomplished by
defining an e-insensitive tube around the hyperplane that allows
for a certain amount of variance between the actual and
anticipated target values. A machine learning method called
non-linear Support Vector Regression (SVR) is used to forecast
continuous values in situations where data associations are
complicated or curved [28]. Fig. 4 represents the working of the
SVR approach.

[ SUPPORT VECTOR REGRESSION (SVR) APPROACH ]

1. INPUT DATA
Training dataset with features (X)
and target value (y)

¥
2. MAP TO HIGH-DIMENSIONAL SPACE

Transform input data using a kernel
function to handle non-linearity

3. FIND OPTIMAL HYPERPLANE
Find a function f(z) = wi¢(z) + b
that fits the data with maximum flatness
within an & -insensitive tube

)
4. MINIMIZE LOSS FUNCTION

Minimize &-insensitive loss + regularization term
to balance flatness and training error

¥

5. TRAIN SVR MODEL
Determine support vectors, weights (w)
and bias (b) by solving the optimization problem

6. MAKE PREDICTIONS
Use the trained model to predict
continuous output for new data

Fig. 4. Support Vector Regression (SVR) working.

The SVR non-linear function for prediction:
fCO=7=wToX) +y (17

Where W7 represents the transpose of weight vector W,
¢ (X) is nonlinear mapping to a higher-dimensional feature
space, y is the bias.

SVR ignores small errors, known as error-insensitive, which
can be written as:

_ 0 [Y=fX)| < €
LT 100) ={y — 001 — ¢ v foni > « 09

Where, € is the width of the error-insensitive tube. SVR
objective is to optimize (minimize):

minZ|W? + C 2L (& + &) (19)
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with the following conditions:

Y-WTpX)—b < e+ §& (20)
WToX)+b—Y, < e+ & 1)
§uéi =0 (22)

Where, |[W||?> is Euclidean norm of W , C is the
regularization parameter, ¢; is error above the boundary, and &;
is error below the boundary.

Eq. (19) can be converted to a dual optimization problem
using Lagrange multipliers as:

max — =TI, B (a; — @) (@ — @)K (X, X)) —
eXiLi(ai+a)) + T, Yi(a; — o) (23)

with conditions:
0<a,a/<C (24)
Ihi(ei—a)) =0 (25)

where, i is first sample index, j is the second sample index,
a; is Lagrange multiplier which is associated with upper error-
insensitive constraint for ith sample, a; is Lagrange multiplier
which is associated with the lower error-insensitive constraint
for ith sample, K (X;, X;) is the function of kernel that measures
the similarity between the i" and j™ samples in the transformed
feature space, X; is i training sample, X; is j" training sample,
€ defines the width of the insensitive tube, Y; is the target value,
C is the regularization parameter.

Kernel function used in equation is expressed as:

2
K(XI,X]) = exp (—Y Zzzl(xik - x]'k) ) (26)
The final prediction equation of SVR is as follows:
OO = ZiLi(a; — adexp (=Y lIX; — XII*) + b (27)

J. Random Forest (RF) Regression

RF approach is an ensemble learning approach that creates
numerous decision trees and uses bagging to mix their outputs
to prevent overfitting and improve prediction accuracy. Bagging
and boosting ensemble learning are the two primary categories
of ensemble learning techniques. In bagging ensemble learning,
distinct sub-datasets are generated from the primary dataset and
sent to various machine learning models. The final output or
outputs are created by combining the findings of these
simultaneous models. In boosting, several machine learning
models use the same dataset. These models operate in a
sequential manner. The first model's findings are improved by
the second model, the second model's findings are improved by
the third model, and so on. Bagging is the foundation of the RF
method. The Random Forest automatic machine learning
technique was developed in 2001 by Leo Breiman and Adéle
Cutler. [29]. Fig. 5. depicts working of the RF model.

In RF regression, Multiple trees T are used in RF approach,
and for each tree, a separate Dataset D; is created. Creating of
different datasets is called bootstrap sampling and can be written
as:
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D, €D, fort=12,..,T (28)

where, D, is bootstrap dataset for the t* tree, and T stands
for total count of trees.

Each tree predicts the output i.e., crop yield independently
as:

?t = f(X) (29)

where, Y, is the prediction of t" tree, X is input feature
vector.

| RANDOM FOREST (RF) APPROACH |

‘ 1. INPUT DATASET ’

Training data with features and target (y)

v
| 2. BOOTSTRAP SAMPLING ’

Generate multiple bootstrap samples
(with replacement) from the training data

3. BUILD DECISION TREE n

Train a decision tree
using a bootstrap
sample and random
feature selection

3. BUILD DECISION TREE 1
Train a decision tree
using a bootstrap
sample and random
feature selection

[

3. BUILD DECISION TREE 2

Train a decision tree

using a bootstrap eee
sample and random

feature selection

I
v
‘ 4. AGGREGATE PREDICTIONS ’

Average the predictions of all decision trees
(Regression)

v
[ 5. FINAL OUTPUT ’

Final predicted value (average of all trees)

Fig. 5. Random Forest (RF) working.

The final RF Prediction equation can be written as:
P 1
7 =230, £00) (30)

where, ¥ final predicted crop yield, T stands for the count
of trees, f;(X) is predicted value of the t" tree.

K. Optimized RF Models

Here, four nature-inspired optimization approaches are used
to optimize the RF model: PSO, GWO, HHO, and WOA
algorithms. These optimization algorithms find the best
parameters for the RF model.

Let d be the number of parameters of RF model to be
optimized; then initialize the Lower Bound (LowB) and Upper
Bound (UpB) vectors to specify the lower and upper limits of
each RF parameter that is to be optimized as:

LowB = [LowB;, LowBs,, ... LowB,] 31)
UpB = [UpB,,UpB,, ...UpB,] (32)
Initialization of position matrix X is as follows:

X1 Xll "'de

X X .. X
X = :2 = HEER ?d (33)

Xn an Xnd
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where, count of rows= n represents no. of swarms (in PSO)/
wolves (in GWO)/ hawks (in HHO)/ whales (in WOA), count of
columns= d represents parameters of the RF model to be
optimized. A single row represents a single particle (in PSO)/
wolf (in GWO)/ hawk (in HHO)/ whale (in WOA) as X; =
[Xi1, Xiz, ., Xiq] . Initialization of every value in the above
matrix is done as follows:

where, X;; is the single value of the matrix shown in
equation, UpB; is the Upper Bound value of parameter j, LowB;
is the Lower Bound value of parameter j, 7;; is arandom variable
such that 0 < 7;; < 1.

Eq. (31), (32), (33), and (34) are common in all four
algorithms and belongs to the initialization part of it.

These four optimized RF models compute the fitness of a
single row as:

Fitness(X;) = RMSE = /%Z%Ll(Yz -Y)? (35)

L. PSO Optimized RF

PSO was first identified in 1995 by Kennedy and Eberhart.
PSO technique is used to optimize continuous nonlinear
functions. PSO is a stochastic population-based optimization
method inspired by natural swarm intelligence. Every particle
travels across the search space and represents a possible
solution. Both individual experience and collective swarm
knowledge direct movement. The approach uses a fitness
function to iteratively improve solutions [30][31]. Fig. 6
represents the working of PSO-based RF optimization.

PARTICLE SWARM OPTIMIZATION (PSO) |

1. Initialize Swarm 5. Update Velocity
(Randomly within (using w, ¢4, C;)
search space) l

!

2. Evaluate Fitness
(using CV R?)

!

3. Update Personal Best
(pbest)

|

4. Update Global Best

6. Update Position

7. Stopping Criteria
Met?
(Max Iter / Conv.)

(gbest) Return Global Best
»| (Best Hyperparameters)
PSO COMPONENTS FITNESS FUNCTION NOTATION
e w : Inertia Weight Maximize CV R? e N : Number of particles
(Higher is Better)
e c¢; : Cognitive Coefficient or e T : Maximum Iterations
® C, : Social Coefficient Minirizs RMSE e CV : Cross-Validation

(Lower is Better)

Fig. 6. Particle Swarm Optimization (PSO) working.
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Steps to optimize RF model using PSO:
Initialization:

Initialize Lower Bound (LowB) and Upper Bound (UpB)
vector: using Eq. (31) and (32)

Initialization of the swarm position matrix: using Eq. (33)
and assign values to it using Eq. (34)

Initialize the velocity matrix
Vi Vig = Vig
V== e (36)
Ve Vit = Vg
Compute Fitness of every particle using Eq. (35)

Personal best is updated as:

PB, = {;21 if Fitnessfi;i;;itness(PBi) 37)
where, PB; best solution found by particle i
Global best’s update as:
GB = arg max x Fitness(P;) (38)

where, GB is the best solution found by entire swarm.
Update Velocity and particle position:
Velocity update:

Vit = wVf + ¢;r(PB; — X[) + ¢;12(GB — X{) (39)

where, w represents inertia weight, ¢; is cognitive
coefficient, c, is the social coefficient, t represents current
iteration.

Particle position update:
Xt = x4yttt (40)

Repeat steps 2 to 5 until convergence is attained or the
maximum number of iterations is attained.

RF is optimized with the best solution as,
Xpest = GB (41)

M. GWO Optimized RF

A nature-inspired metaheuristic algorithm called Grey Wolf
Optimization (GWO) that imitates the leadership organization
and hunting techniques of grey wolves in the wild. Seyedali
Mirjalili first presented it in 2014. The best fit, according to
GWO, is the Alpha wolf (a); the second best fit is the Beta wolf
(B),the third best fit is the Delta wolf (8); and the Omega wolves
() are the remaining possible options [32][33]. Fig. 7 depicts
the working of GWO Based RF optimization.

Steps to optimize the RF model using GWO:
Initialization:

Initialize Lower Bound (LowB) and Upper Bound (UpB)
vector: using Eq. (31) and (32)
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Initialization of the wolf position matrix: using Eq. (33) and
assign values to it using Eq. (34)
Compute Fitness for every wolf using Eq. (35)

Identify the Alpha (o), the Beta (B), the Delta (3) and Omega
(®) wolves as:

X, = X; with best Fitness(X;)value (42)

X = X; with second best Fitness(X;)value (43)
X5 = X; with third best Fitness(X;)value  (44)
X, = X; with rest of the wolves (45)

Compute parameter a as:

a=2-% (46)

T

where, t shows the current iteration, and T stands for
maximum iteration. Now compute the coefficient as:

A=2, —a (47)
C=2n (48)

where, A and C are coefficients, where r; and 7, are random
values suchthat 0 < rl1,r2 <1

( GREY WOLF OPTIMIZER (GWO) |
Update Positions
(using a, B, 8)

Stopping Criteria
Met?
(Max Iter / Conv.

Initialize Wolves
(Randomly within search space)

v

Evaluate Fitness
(using CV R?)

!

Identify «, 8, &
(Best 3 solutions)

¢ Return box

Update Positions

(Update wolves based on a, 3, 5) (o = best, 8 = second best,

& = third best)

[ Return Best Solution

t I
GWO KEY FITNESS FUNCTION NOTATION
: Best Solution (Leader) Maximize CV R? e N : Number of wolves
: Second Best Solution (Higher s Better) e T :Maximum iterations

or
Minimize RMSE
(Lower is Better)

: Third Best Solution
: Other Solutions

e CV: Cross-Validation

g O™ R

Fig. 7. Grey Wolf Optimization (GWO) working.

Compute the distance from X, , Xz, and X5 wolves and
Compute candidate positions based on Dy, Dg, and Dy as:

Distance from X, Xg, and X5 wolves as:

Distance, = |C; X, — X| (49)
Distanceg = |C;Xg — X| (50)
Distances = |C; X5 — X| (51

Candidate positions based on Dy, Dg, and Dj as:
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X, =X, — A Distance, (52)
X, = Xg — A;Distanceg (53)
X5 = X5 — A;Distanceg 54)
Update Wolf Position as:
Xp1 = X1tX4Xs (55)

3

Eq. (55) will update every wolf except Alpha wolf.

Check the updated position for its upper bounds and lower
bounds as

min(UpB, max(LowB, X)) (56)
Evaluate Fitness again and Update X,, Xz, and X5 again

Until the maximum count of iterations is attained, repeat
steps 2 through 7.

RF is optimized with best solution as:
KXpest = Xa (57)

N. HHO Optimized RF

Ali Asghar Heidari and associates introduced the well-
known population-based, nature-inspired HHO metaheuristic
algorithm in 2019. It imitates Harris's hawks' coordinated
foraging and "surprise pounce" hunting techniques. Exploration,
escaping energy shifts, and exploitation tactics are important
elements of the HHO optimizer [34]. Fig. 8 represents the
working of HHO-based RF optimization.

[ HARRIS HAWKS OPTIMIZATION (HHO) ]

Initialize Hawks N
(Randomly within search space) Apply HHO Strategies
I n
Evaluate Fitness
(using CV R?)
Stopping Criteria
Met?
Update Escape Energy (Max Iter / Conv.)
(E))
Update Positions Return Best Hawk
(Exploration & Exploitation) (Best Hyperparameters)
HHO KEY FITNESS FUNCTION NOTATION
« Ey : Initial Energy Maximize CV R? N : Numberof hawks
Sk Efcape Energy . (nghev;: Bot) T : Maximum iterations
* EWat:on : :z?rch:ev: velm:ns Minimize RMSE * CV : Cross-Validation
* Exploitation : Refine best solution (Lower is Bette)

Fig. 8. Harris Hawks Optimization (HHO) working.
Steps to optimize RF model using HHO:
Initialization:

Initialize Lower Bound (LowB) and Upper Bound (UpB)
vector: using Eq. (31) and (32)

Initialization of Hawks position matrix: using Eq. (33) and
assign values to it using Eq. (34)

Vol. 17, No. 9, 2026

Compute Fitness for every hawk using Eq. (35)
Identify the best hawk (Rabbit) as:
Xrappit = arg max Fitness(X;) (58)
L

Calculate the escaping energy that regulates the change from
exploration to exploitation using the equation below:

Ey=2r—1 (59)
where, r is a random value such that 0 < r < 1, current
escaping energy is expressed as:
E=2E(1-1) (60)
where, t shows the current iteration and T stands for the
maximum number of iterations

Exploration phase: When |E| > 1, the hawk explores the
search space as:

X+ 1) = Xranaom (®) — 71 Xranaom (£) — 212X (6)|  (61)
where, X, qndom 18 @ randomly selected hawk.

Explotation phase: When |E| < 1, hawk exploits the best
solution (Rabbit) as :
X(t+1) = Xeappic — EIXrapbie — X ()| (62)

where, ] = 2(1 — 1), and r is a random such that 0 < r <
1

Checking new computed value for boundaries using UB and
LB as
X = min(UpB, max(LowB. X) (63)
Evaluate Fitness again
Update the Rabbit again

Until the maximum number of iterations is attained, repeat
steps 2 through 9.

RF is optimized with best solution as

Xpest = Xrabbit (64)
0. WOA Optimized RF

Seyedali Mirjalili and Andrew Lewis introduced the Whale
Optimization method (WOA), a metaheuristic optimization
method inspired by nature, in 2016. Only humpback whales
exhibit the unusual behavior known as "bubble-net feeding."
The whale optimization algorithm (WOA) provides a theoretical
description of the spiral bubble-net feeding maneuver. WOA
mimics hunting behavior by pursuing the prey with a random or
optimum search agent. WOA simulates humpback whale
bubble-net attacks using a spiral [35]. Fig. 9 depicts WOA-based
RF optimization working.

Steps to optimize RF model using WOA:
Initialization:

Initialize Lower Bound (LowB) and Upper Bound (UpB)
vector: using Eq. (31) and (32)
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Initialization of Whale position matrix: using Eq. (33) and
assign values to it using Eq. (34)

Compute Fitness for every whale using Eq. (35)
Identify best whale as:
X* = argmax Fitness(X;) (65)
L

WHALE OPTIMIZATION ALGORITHM (WOA) ]
¥

Initialize Population Update a, A, C, [
(Randomly within search space) Coefficients
* @ control parameler
* A, C : coefficient vectors

* L : random numberin[-1, 1]

Evaluate Fitness
(using R? or RMSE)

Update Positions
(Encircling, Bubble-net
or Spiral updating)

Return Best Whale
(Best Hyperparameters)

WOA KEY FITNESS FUNCTION NOTATION
* | Lnealy decresses 2+ 0) Maximize R? (Higher s Beter) | N : Nomber of whales
* AC: Coefficent vectors o o T : Maximum teraions
* | :Random numberin[-11]
Minimize RMSE (L Better) * CV : Cross-Valdation
P :Rebnnurtern(0.1] i NEE o i

Fig. 9. Whale Optimization Algorithm (WOA) working.

Update control parameter as:

—n_2
a=2-2 (66)

where, t shows the current iteration and T stands for the
maximum number of iterations

Compute Coefficient Vectors as:
A=2, —a (67)
C =2n (68)

where, A and C are coefficients, where r; and r,, are random
values such that 0 < r1,r2 <1

Choose the search strategy based on a randomly generated p
value between 0 and 1 as follows:

Case 1: If p < 0.5 and |A| < 1, compute distance to whale
and update position as:

Distance = |CX* — X| (69)
X(t+1) = X" — ADistance (70)

Case 2: If p < 0.5 and |A| = 1, compute distance to whale
and update position as:

D= |CXrandom - X| (71)
X(t+1) = Xpqnq — ADistance (72)

Case 3: If = 0.5, compute distance to whale and update
position as:

Distance’ = |X* — X| (73)
X(t + 1) = Distance'e? cos(2nl) + X* (74)
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where, b is the spiral constant, generally taken as 1, [ ranges
-1=2(=1

Checking new computed value for boundaries using J and
LB as

X = min(UpB, max(LowB.X) (75)
Evaluate Fitness again
Update the best whale as:
X=X (76)

Repeat steps 2 to 9 until the maximum number of iterations
are reached.

RF is optimized with best solution as
KXpest = X* 77

IV. EVALUATION METRICS

The performance of the proposed crop yield prediction
framework is examined using R Squared, Mean Absolute Error,
Root Mean Square Error, and 5-Fold CV Score.

A. Mean Absolute Error (MAE)

The average absolute difference between actual and
predicted data is measured as mean absolute error. It provides
results in the target variable's unit. It can be evaluated as:

MAE = =TI, |Y; - 7] (78)

where, N count of observations is, ¥; is the actual value, }71
is the predicted value.

B. Root Mean Square Error (RMSE)

The square root of Mean Squared Error (MSE) is called Root
Mean Squared Error. It improves interpretability by returning
the result to the target variable's original unit while maintaining
the severe penalty for significant errors. It is evaluated as:

RMSE = \MSE (79)
where, MSE = - 3L, (¥ — 7)? (80)

C. R Squared (Rz)

It is also known as the Coefficient of Determination. R-
squared indicates how much of the variance in the target variable
can be explained by the regression model. It is judged as:

_ 2, (=792

2 _
R*= I (=12 ®1)
D. Cross-Validation Score (CV)
K (v;-7)?
=1 -0 ®)
1
CVscore = E215c=1 Rl% (33)
5-fold CV Score is used in the proposed model as:
R?+R%+R%+R}+R?2
CVscore = %‘LS (84)
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V. RESULTS AND DISCUSSION
All four of the optimized models are found to have
outperformed the baseline models. RF Parameters’ bounds and

best optimized parameters using the PSO optimizer are shown
in the following table (Table I):

TABLE L RF PARAMETERS’ BOUNDS AND BEST OPTIMIZED
PARAMETERS
RF Parameter Lower 1[313111)1:3 Final Optimized
Bound (LB) Value (PSO-RF)
(UB)

n_estimators 50 500 126
max_depth 5 30 27
min_samples_split 2 20 2
min_samples_leaf 1 10 1
max_features 0.3 1.0 28945 1048340383

RF Optimization resolves black box Interpretation gap: In
our model, RF feature selection is used, which prevents
dropping domain-critical climate features. RF Optimization
resolves the static hyperparameter gap: Our framework
addresses this gap by optimizing the RF model using PSO,
GWO, WOA, and HHO optimizers, which optimize the RF
model based on predefined Lower and Upper Bounds of the RF
model’s parameters.

PSO-optimized RF performed the best with R* Value=
98.32. Fig. 10 represents the comparison of models based on
R%value.

R72 (%)

120

100 9467 9614 972 9723 981 98.32

81.05 |

80 73.04 , ‘
60
40
20
0

SYR MIR DT  RF HHO- WOA- GWO- PSO-RF

RF RF RF

Fig. 10. Comparison of models based on R? value.

All four of the optimized models are found to have
outperformed the baseline models. And PSO Optimized RF
performed the best with CV_Score =97.22. Fig. 11 represents
the comparison of models based on the CV_Score value.

All four of the optimized models are found to have
outperformed the baseline models. And PSO Optimized RF
performed the best with MAE =9.2766. Fig. 12 represents the
comparison of models based on MAE value.
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CV_Score (%)
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1 9391 95.03 9635 96.31 97.19 97.22

00
84.62
80 7018
60
40
20
0
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HHO- WOA- GWO- PSO-RF
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Fig. 11. Comparison of models based on CV_Score value.

MAE

70 63.840

60

50
35. 5987

9.8218 9.6534 9.5652 9.5571 9.4703 9.2766

10
0 IIIIII

MLR RF HHO- WOA- GWO- PSO-RF
RF  RF  RF

Fig. 12. Comparison of models based on MAE value.

It is observed that RMSE value is quite large. It is due to the
dataset, as it contains many samples with 0 or extremely low
crop yield. We cannot delete these samples, as it shows that
during that period crop yield was very low or the crop was
completely wasted, and we want to maintain the originality of
the dataset. These yield may be low due to lack of water or
weather condition or may be due to pest in the crop or due to
weed or due to disaster or may be some other reason. Our
algorithms focus on the other samples and predicted low or 0
crop yield values with high error. These samples are few; that is
why RMSE and MSE are highly impacted, but have very little
impact on R%. All four of the optimized models are found to have
outperformed the baseline models. And PSO-optimized RF
performed the best with RMSE value = 116.1088. Fig. 13
represents the comparison of models based on RMSE value.

RMSE
464.75
500 32
450 389.64

400 25

200 168 33 123 05 122 53 120 21 121 24 115 10

100
50
0

MLR DT RF HHO- WOA- GWO- PSO-RF
RF RF RF

Fig. 13. Comparison of models based on RMSE value.
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A. Comparison of Optimized RF Models with Base Models

Tabular comparison of baseline models and Optimized RF
models is shown in Table II.

TABLEII.  COMPARISON USING PERFORMANCE METRICS

Model R? % CV(—,,Zc)"” MAE RMSE
SVR 73.04 | 70.18 35.5987 464.7532
MLR 81.05 84.62 63.8406 389.6425
DT Regression | 94.67 93.91 9.8218 168.3300
RF Regression | 96.14 95.03 9.6534 128.0585
HHO-RF 97.20 | 96.35 9.5652 122.5383
WOA-RF 97.23 96.31 9.5571 120.2150
GWO-RF 98.10 | 97.19 9.4703 121.2497
PSO-RF 9832 | 97.22 9.2766 116.1088

VI. CONCLUSION AND FUTURE SCOPE

In this research work, a data analytic framework for crop
yield prediction is proposed with a comparison between four
baseline models and four optimized RF models. The framework
is based on the impact of climate change. The proposed
framework mainly comprises of 5 phases: Data input; Data
preprocessing; Feature selection based on the RF approach;
Train and Test split; After the split all four baseline models are
trained and perform crop yield prediction with the computation
of four performance metrics: R?, MAE, RMSE:; 5 Fold CV score
is computed; next, out of the four baseline models RF model is
chosen as it performed best. RF model is further improved using
four nature-inspired models: PSO, GWO, HHO, and WOA.. It is
observed that all four optimized RF models performed better
than the four baseline models. And out of four optimized RF
models, PSO optimized performed the best. Therefore, the RF-
PSO hybrid model is proposed. The proposed framework’s R
(%) value=98.32, MAE value= 9.2766, CV score (%) =97.22,
RMSE=116.1088. High RMSE is due to samples with 0 crop
yield or very low crop yield. Thus, the proposed framework is
suitable for crop yield detection using RF optimization with the
PSO optimization technique. In the future, the latest modern
metaheuristics can be applied for further improvement in the
model.
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    Y  i = f (   X  i 1 ,     X  i 2 , … ,     X  i k )


    Y  i =   𝛽 0 +   𝛽 1   X  i 1 +   𝛽 2   X  i 2 + … +   𝛽  k   X  i k +     𝜖  i


    𝛽 0


    𝛽  1 ,     𝛽  2 , … ,   𝛽  k


    X  1 ,   X  2 ,   … ,   X  k


    𝜖  i


    i = 1 , 2 , … , N


   [      Y 1     Y 2   ⋮     Y  n ] =  [      1    X 11   1    X 21   ⋮  ⋮   1    X  n 1      …   …   ⋱   …        X  1 k     X  2 k   ⋮     X  n k   ]    [      𝛽 0     𝛽 1   ⋮     𝛽  k ]   +    [      𝜖 1     𝜖 2   ⋮     𝜖  n ]  


    𝛽 ^ =    (   X  T X )  − 1   X  T Y


      Y  i ^ =     𝛽 ^ 0 +     𝛽 ^ 1   X  i 1 +     𝛽 ^ 2   X  i 2 + … +     𝛽 ^  n   X  i k


  e


  e =   Y  i −       Y ^  i


  f  ( X ) =   Y ^ =   W  T 𝜙 ( X ) + 𝛾


    W  T


    W


  𝜙 ( X )


  𝛾


    L  𝜖  ( Y ,   f  ( X ) ) =  {    0    | Y − f ( X ) | −   𝜖       | Y − f ( X ) | ≤   𝜖    | Y − f ( X ) | >   𝜖  


  𝜖


  m i n  1 2    ‖ W ‖ 2 + C   ∑  i = 1  N   (   𝜉  i +     𝜉  i ∗ )


  Y −   W  T 𝜙  (   X  i ) − b   ≤   𝜖 +     𝜉  i


    W  T 𝜙  (   X  i ) + b −     Y  i   ≤   𝜖 +     𝜉  i ∗


      𝜉  i ,   𝜉  i   ∗ ≥ 0


    ‖ W ‖ 2


  W


  C


    𝜉  i


    𝜉  i ∗


  m a x −  1 2   ∑  i = 1  N    ∑  j = 1  N  (   𝛼  i −   𝛼  i ∗ ) (   𝛼  j −   𝛼  j ∗ ) K (   X  i ,   X  j ) −   𝜖   ∑  i = 1  N   (   𝛼  i +   𝛼  i ∗ ) +   ∑  i = 1  N    Y  i  (   𝛼  j −   𝛼  j ∗ )          


  0 ≤   𝛼  i ,   𝛼  i ∗ ≤ C


    ∑  i = 1  N   (   𝛼  i −   𝛼  i ∗ ) = 0


  i


  j


    𝛼  i


    𝛼  i ∗


  K (   X  i ,   X  j )


    X  i


    X  j


  𝜖


    Y  i


  C


  K  (   X  i ,   X  j ) = e x p  ( − 𝛶   ∑  k = 1  p     (   x  i k −   x  j k ) 2 )


  f  ( X ) =   ∑  i = 1  N   (   𝛼  i −   𝛼  i ∗ ) e x p  ( − 𝛶    ‖   X  i − X ‖ 2 ) + b


  T


    D  t


    D  t ⊆ D ,   f o r   t = 1 , 2 , … , T


    D  t


  T


      Y ^  t =   f  t ( X )


      Y ^  t


  X


    Y ^ =  1  T   ∑  i = 1  T    f  t ( X )


    Y ^


  T


    f  t ( X )


  d


  L o w B =  [   L o w B 1 ,     L o w B 2 , …   L o w B  d ]


  U p B =  [   U p B 1 ,     U p B 2 , …   U p B  d ]


  X =  [      X 1     X 2   ⋮     X  n ] =  [        X 11   X   ⋮     X  n 1      …   …   ⋱   …        X  1 d     X  2 d   ⋮     X  n d   ]


  n


  d


    X  i = [   X  i 1 ,   X  i 2 , … ,   X  i d ]


    X  i j =   L o w B  j +   r  i j (   U p B  j −   L o w B  j )


    X  i j


    U p B  j


    L o w B  j


    r  i j


  0 ≤   r  i j ≤ 1


  F i t n e s s  (   X  i ) = R M S E =     1  N   ∑  i = 1  N     (   Y  i −     Y -  i ) 2


  V =  [      V 1     V 2   ⋮     V  n ] =  [        V 11     V 21   ⋮     V  n 1      …   …   ⋱   …        V  1 d     V  2 d   ⋮     V  n d   ]


    P B  i ​ =  {      X  i ,    i f   F i t n e s s (   X  i ) > F i t n e s s (   P B  i )     P B  i ,  o t h e r w i s e          


    P B  i


  i


  G B =  arg ⁡       max  i ⁡  x F i t n e s s (   P  i )


  G B


    V  i  t + 1 = 𝜔   V  i  t +   c 1   r 1  (   P B  i −   X  i  t ) +   c 2   r 2  ( G B −   X  i  t )


  𝜔


    c 1


    c 2


  t


    X  i  t + 1 =   X  i  t +   V  i  t + 1


    X  b e s t = G B


   


    X  𝛼 =   X  i   w i t h   b e s t   F i t n e s s  (   X  i ) v a l u e


    X  𝛽 =   X  i     w i t h   s e c o n d   b e s t   F i t n e s s  (   X  i ) v a l u e  


    X  𝛿 =   X  i   w i t h   t h i r d   b e s t   F i t n e s s  (   X  i ) v a l u e    


    X  𝜔 =   X  i   w i t h   r e s t   o f   t h e   w o l v e s


  a


  a = 2 −   2 t  T


  A =  2  a   r 1 − a


  C =   2 r 2


    r 1


    r 2


  0 ≤ r 1 , r 2 ≤ 1


    X  𝛼


    X  𝛽


    X  𝛿


    D  𝛼


    D  𝛽


    D  𝛿


    X  𝛼


    X  𝛽


    X  𝛿


    D i s t a n c e  𝛼 =  |   C 1   X  𝛼 − X |


    D i s t a n c e  𝛽 =  |   C 1   X  𝛽 − X |


    D i s t a n c e  𝛿 =  |   C 1   X  𝛿 − X |


    D  𝛼


    D  𝛽


    D  𝛿


    X 1 =   X  𝛼 −   A 1   D i s t a n c e  𝛼


    X 2 =   X  𝛽 −   A 2   D i s t a n c e  𝛽


      X 3 =   X  𝛿 −   A 3   D i s t a n c e  𝛿


    X  t + 1 =       X 1 +   X 2 +   X 3 3


  m i n ⁡ ( U p B ,   m a x ⁡ ( L o w B , X ) )


    X  𝛼


    X  𝛽


    X  𝛿


    X  b e s t =


    X  𝛼


    X  r a b b i t =  arg ⁡     max  i ⁡  F i t n e s s (   X  i )


    E 0 = 2 r − 1


  0 ≤ r ≤ 1


  E =   2 E 0  ( 1 −   t  T )


  t


  T


   | E | ≥ 1


  X  ( t + 1 ) =   X  r a n d o m  ( t ) − r 1  |   X  r a n d o m  ( t ) − 2   r 2 X ( t ) |


    X  r a n d o m


   | E | < 1


  X  ( t + 1 ) =   X  r a b b i t − E  | J   X  r a b b i t − X ( t ) |


  J = 2 ( 1 − r )


  0 ≤ r ≤ 1


  U B


  X = m i n ⁡ ( U p B ,   m a x ( L o w B .   X )


    X  b e s t =


    X  r a b b i t


    X ∗ =  arg ⁡     max  i ⁡  F i t n e s s (   X  i )


  a = 2 −   2 t  T


  t


  T


  A =  2  a   r 1 − a


  C =   2 r 2


    r 1


    r 2


  0 ≤ r 1 , r 2 ≤ 1


  p


  p < 0 . 5


   | A | < 1


  D i s t a n c e =  |   C X ∗ − X |


  X  ( t + 1 ) =   X ∗ − A D i s t a n c e


  p < 0 . 5


   | A | ≥ 1


  D =  |   C X  r a n d o m − X |


  X  ( t + 1 ) =   X  r a n d − A D i s t a n c e


  ≥ 0 . 5


    D i s t a n c e ′ =  |   X ∗ − X |


  X  ( t + 1 ) =     D i s t a n c e ′   e  b l  cos ⁡  ( 2 𝜋 l ) + X ∗


  b


  l


  − 1 ≥ l ≥ 1


  J


  X = m i n ⁡ ( U p B ,   m a x ( L o w B .   X )


    X ∗ =   X  i


    X  b e s t =   X ∗


  M A E =  1  N   ∑  i = 1  N   |   Y  i −     Y ^  i |


  N  


    Y  i  


      Y ^  i


  R M S E =  M S E


  M S E =  1  N   ∑  i = 1  N     (   Y  i −     Y -  i ) 2


    R 2


    R 2 = 1 −     ∑  i = 1  N     (   Y  i −     Y ^  i ) 2    ∑  i = 1  N     (   Y  i −     Y  i - ) 2


    R  k 2 = 1 −     ∑  i = 1  N k     (   Y  i −     Y ^  i ) 2    ∑  i = 1  N k     (   Y  i −     Y  i - ) 2


    C V  S c o r e =  1  k   ∑  k = 1 5    R  k 2


    C V  S c o r e =     R 1 2 +   R 2 2 +   R 3 2 +   R 4 2 +   R 5 2 5
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