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Abstract—For efficient agricultural planning, resource
management, and enhancing farmer livelihoods in significant tea-
producing regions, tea production prediction is essential
However, climate variability—including temperature, rainfall,
humidity, and sunlight duration—has a significant impact on tea
output, making precise forecasting difficult. Using meteorological
data from 2015 to 2025, this study suggests a hybrid machine
learning approach for predicting tea production. Initially, four
models are created as separate predictors: Random Forest, XG
Boost, Light GBM, and Cat Boost. Three ensemble models are
shown to increase prediction accuracy: a Neutrosophic Ensemble
Model, a Fuzzy Logic Weighted Ensemble, and an optimized
weighted ensemble utilizing Sequential Least Squares
Programming (SLSQP). According to experimental data, the
optimized ensemble outperforms individual and alternative
ensemble models, achieving the best performance with an R? value
of 0.86, an RMSE value of 130.89, and an MAE value of 103.96.
The suggested methodology improves the accuracy of the tea yield
forecast while managing climate variability.

Keywords—Random Forest; XG Boost; Light GBM; Cat Boost;
SLSQP; Fuzzy; Neutrosophic

I.  INTRODUCTION

Tea is a cash crop used for plantation in the world economy
and plays a very important role in the agricultural economy of
many developingnations. Tea crop (Camellia sinensis) is highly
sensitive to climatic parameters, such as temperature, rainfall,
humidity and solar irradiance. The alteration of climatic
parameters hampers the productivity of the crop, as well as the
sustainability of crop cultivation in the long run. Over the past
few decades, climate variability and extreme weather have
impacted the sustainability of tea crop production. Research has
demonstrated the effect of climatic variables on the growth
pattems of tea crop production, underscoring the importance of
yield forecasting for proper management of tea crop production
resources [1-2].

Recently, optimized weighted ensemble models for climate-
based tea yield forecasting have attracted considerable attention
within agriculture analytics. That is because these models can
combine many different individual predictionmodelsto produce
an improved prediction accuracy of forecasted yield. Generally,
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statistical models frequently used for yield forecast have
historically struggled with the non-linear relationship between
climate variables and tea yield. However, machine leaming
algorithms such as Random Forest and XG Boost have
demonstrated superior performance when working with larger
data sets as well as managing the non-linear relationship of
climate variables to tea yield than traditional regression-style
forecasting models [3-4].

The climate greatly affects tea cultivation performance. This
includes things like how hot or cold the weather is, how much
rain falls in a specific region, and when the various growing
periods occur within the season. There has been extensive
research done in regard to how climatic conditions impact the
amount of'tea (i.e., tea yield) produced [5-6]. Climate change is
also seen to be a key driving force that influences tea yields
across many countries, including India, Kenya, Sri Lanka and
China, as well as across other regions [7-8]. For instance,
climatic conditions in regions where tea is grown, like Assam,
play animportantrolein determininghow easy ordifficult it will
be to produce large amounts of quality tea (i.e., the trend of tea
yields), therefore requiring the development of sophisticated
modelling techniques to assess what the potential yields will be
for future growing seasons within those regions[2]. Likewise,
variations in the way that rainfall patterns and temperature affect
how much tea will be produced in each area where tea is
produced are also dramatic.

Fuzzy set theory and Neutrosophic logic are two soft
computingmethods designedto help deal with the uncertainand
imprecisenature of agricultural data. These methodscanbe used
to consider incomplete, inconsistent, and uncertain data that
frequently occurin agriculturaland climatic datasets [9-10], thus
enabling the use of these methods in predictive models, which
not only strengthen the robustness of these models, but also
improve their reliability when used in an applied setting. The
advent of large-scale agricultural and climatic datasets has
facilitated the development of data-driven forecasting models.
There are significant historical datasets in the International
Statistical Database that may serve as useful tools for the
analysis of crop yield forecasting and for the development of
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climatic forecasting models based primarily on sophisticated
machine learning techniques [11-12].

To explore future challenges and provide opportunities in
terms of establishing an optimized ensemble method using
weights for climate-based tea yield predictionmodels, this study
intends to find solutions. The authors have developed a
prototype combination of various machine learning models
while assigning optimal weights in order to create the best-
performing model of its type. The purpose of this model is to
examine how climatic influences combined with ensemble
approaches can produce the most accurate estimates when
predictingteayields. Itis hoped that suchan approach will assist
agriculture policymakers, tea planters and researchers with the
decision-making process related to the management of tea as it
relates to climatic impacts and sustainability.

II. LITERATURE REVIEW

The production oftea can be affected by several climaticand
environmental components, which various modeling techniques
have examined. Raj et al. [13] analyzed the long-term variation
of tea production in some India tea growing areas using data
from 1981 to 2015. Different statistical and time series
techniques (like multiple regression, SARIMAX and artificial
neural networks [ANNs]) were utilized and the authors
concluded thatthe ANN and vector autoregressive model would
be best to show Nonlinear interactions between climate input
and tea yield, as well as identifying temperature variation as the
primary driver for tea yield.

Batool et al. [14] developed a hybrid method for estimating
tea yield through a combination of the FAO AquaCrop
simulation model and machine learning models. Using weather,
soil, crop, and management data from Pakistan, they
demonstrated that predictive errors with machine leaming
(especially with the XG Boost algorithm) were lower than those
associated with the simulation method, thus showing great
promise for the predictionoftea yield using data-driven models.

In a study by Xiang et al. [15], ecological variables were
controlled to determine the effect of temperature, humidity, light
intensity,andsubstrate moisture on physiological function in tea
plants. The study results indicate that some combinations of
ecological variables exert a significant synergistic influence
over shoot development, yield, and total catechin content of tea
foliage, supporting a correlation between tea yield and quality.
Raghav et al. [16] employed Convolutional Neural Networks
(CNN) and Long Short Term Memory (LSTM) networks for
forecasting tea area, production and yield based on historical
data from 1918 to 2023. Results of the study showed that the
CNN model had lower error values than the LSTM model,
which indicates that the CNN model has superior predictive
capabilityrelative to the LSTM model. This study illustrates that
deep learning models are capable of accurately forecasting tea
yield. Premkumaret al. [17] examined climate variability as it
relates to tea production in Tamil Nadu using an ARDL error
correction model. The authors concluded that lower
temperatures and higher relative humidity promote tea
production; however, rainfall negatively affects tea production.

The tea yield is known to be highly sensitive to both climate
and environment, and recent research indicates that the
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traditional statistical models often do not adequately capture the
complexornonlinearrelationshipbetween climate andteayield.
While some advanced methods have demonstrated better
success, such as machine leaming, hybrid simulation/machine
learning models, and controlled ecological experiments, there
remain limitations concerning the applicability of these methods
both regionally and operationally. In addition, temperature,
rainfall and humidity - all identified as climatic variables
relevant to tea cultivation - vary widely throughout the world;
therefore, area-specific studies must be conducted. In light of
these issues, this study will focus on developing an accurate and
robust modelling method for predicting tea yields using climatic
variables and advanced machine learning techniques.

III. METHODOLOGY

Fig. 1 represents an illustration of the proposed
methodology's overview. In this example, we show how a
machine learning-based approach provides predictions on tea
production within India. First, a comprehensive dataset that is
publicly available and encompasses a ten-year period and five
major Indian states that are predominantly responsible for
producing tea has been compiled. The study incorporates
datasets collected across diverse temporal and environmental
conditions, which inherently capture varying climatic scenarios
and thus indirectly validate the model’s robustness to climatic
variability. The dataset will be split into model evaluation and
model training datasets for two separate analyses. Model
evaluation will be done by utilizing individual models against
each datasplit duringthe model-buildingphase. The modelsthat
willbe employed to develop the prediction model will consistof
Random Forest (RF), XG Boost (XGB), Light GBM (LGBM),
and Cat Boost models, which will be trained respectively on the
newly created evaluation datasets. Further, an ensemble will be
developed based on the combination of all four models trained
to yield a better prediction for tea yield. The average weight
applied to each of the models will be statistically determined
based on the degree to which its prediction was accurate
compared to the actual tea production on an annual basis,
throughout the combined evaluation. The weight assigned to
each model will then serve as the basis for developing the
predictions for the current model based on this methodology.
Algorithm 1 identifies the steps included in the proposed

methodology.

Dataset Collected
(10 Years, 5 Major Indian Tea States)
| Dataset Split: Train & Test Sets l
[
A2 12 12 ¥
| manRFModel | | TeinxGBMosel | | TminicBMModel | | Train CatBoostModel

Y
[ Create Ensemble Model with Optimized Weights l

Apply Welghts to Test Set
Predict Tea Yield

Fig. 1. Flow chart of proposed methodology.
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Algorithm 1: SLSQP-based Optimized Weighted Ensemble
Model

Require: Dataset Dyy¢q;, Minimum weight threshold &
Ensure: Final ensemble prediction f’ﬁnal
Import training and test data
Split dataset into feature matrix X and target vector y
Perform one-hot encoding on categorical variables (State, District)
Split data into Dypgip, and Dyyq;
Train regression models: RF, XGB, LGBM, CAT on Dqin
For each model my, € {RF,XGB,LGBM,CAT} do
5}1551) = my (Xval)
End for

Form prediction matrix P € RNva x#:

_ [0 5(2) 53) +(4)
P = [yval’yval’yval'yval

For each model m;, do

Nyai

>, 6u-5)

i=1

RMSE, =

val

End for
Initialize weights using inverse RMSE:
WIEO) _ 41/(RMSEk )
j=1 1/(RMSE;)

Ensemble prediction:
4
Vi = Z Wi Py
k=1

Nyai

1 -
N Z(yi - 9)?
val =1

Objective function:

min J(w) =

Subject to equality constraint:
4
Wy = 1, Wi > 1)
k=1

Apply Sequential Least Squares Programming (SLSQP)

Iteratively update weight vector w using quadratic approximation
while satisfying constraints

Obtain optimal weight vector w*
For each model m; do

| Retrain my, on full dataset Dyorq;

(k)
‘ Vroar = Mi Keest)
End for

4

4 * A(k)

yfinal = Z Wi Yeest
k=1

Return ?fina 1

Algorithm 1 describes the overall structure of the traditional
optimized weighted ensemble paradigm, wherein multiple
machinelearningmodels are trained and the optimal weights are
determined viaconstrained optimization techniques based onthe
validation dataset. Each individual modelis trained separately
on the same training data and produces a corresponding
prediction y; fora given input. Initial weights are derived using
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the inverse Root Mean Square Error (RMSE) of each base
model:
(0) _ _ 1/(RMSE;)

Wi = »M 1/(RMSE; )

ey

The ensemble weights are optimized by minimizing the
RMSE ofthe ensemble on thevalidationset using the Sequential
Least Squares Programming (SLSQP) optimization algorithm.
The objective function is defined as:

.1 5 )2
min \/;Z’,Ezl(yk -1 widik) )

The final ensemble prediction is computed as a weighted
linear combination of the base model predictions, expressed as:

y =Tt wi¥i 3)
where, M denotes the number of base models and w;

represents the weight assigned to the i " model. To ensure a
valid convex combination, the weights are constrained to satisfy:

Law;=1Lw; 20 4

Each of the base learners is trained separately on the same
training dataset and generates predicted values for the tea yield.
The prediction error of each learner is calculated on the
validation dataset using the Root Mean Square Error (RMSE)
metric. The RMSE values are used as crisp inputs to the fuzzy
logic system.

Fuzzification Using Gaussian Membership Function: Each
RMSE value is converted to a fuzzy membership degree, which
represents the level of trust in the respective model. A Gaussian
membership function is used:

(&)

where, o is the adaptive spread parameter, which is
calculated as the mean RMSE of all base models:

RMSEiZ)
202

= e (-

0 =¥t RMSE, (6)
The membership degree increases with lower RMSE values,
representing higher confidence in the model.

Defuzzification: The fuzzy membership degrees are
normalized to get the final ensemble weights:

Hi
L= 7
WL E}*:ﬂ-"j ( )

The final fuzzy ensemble prediction for the k™ sample is
calculated as a weighted sum of the individual predictions:

Ve = Zieawiik (8)
These values confirm that the fuzzy logic-based weighting
approachsuccessfully combinesthepredictions ofthe individual

base models, providing accurate and robust predictions of tea
yield even in uncertain conditions.

Extending this traditional methodology further, Algorithm 2
introduces the concept of fuzzy logic to determine the adaptive
weights of the machine learning models based on the
performance on the validation dataset.
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Algorithm 2: Proposed Fuzzy Logic Weighted Ensemble
(FWE) Algorithm

Require: Validation dataset Dyq = {(x;,¥;)}7=; , Base models
M = {my,my, ..., m;}

Ensure: Final ensemble prediction Y,
For each model m; € M do
| Yij = m;(x;) forall (x;,y;) € Dyg
| Compute RMSE:

RMSE; =

1 n
2
;Z(Yi - 9ij)
i=1

End for
Compute adaptive spread parameter:

k
1
o= ;Z RMSE;
=1

For each model m; € M do
Compute Gaussian membership degree:
RMSE}
wp=exp|=—

End for

For each model m; € M do

Hj
W: =
! Z;czl My

End for

For a new input X, do

k
Yens(xnew) = Z M/} ' mj(xnew)
=
End for

Return Yy,

Algorithm 2 shows a Fuzzy Logic Weighted Ensemble
(FWE) method in which the weights of models are computed
using Gaussian membership functions, which are functions of
the corresponding RMSE values. In this approach, the
contribution of each base learner in the ensemble output is
adaptively controlled in proportion to the accuracy of the base
learner, so that models with higher accuracy contribute more to
the ensemble output. However, fuzzy logic essentially
represents membership functions without considering any
uncertainty or indeterminacy in the system output. Therefore, to
improve the robustness of the fuzzy-based approach,
Algorithm 3 proposes a Neutrosophic Weighted Ensemble
(NWE) method, in which a fuzzy-based approach is generalized
to consider all three components of a Neutrosophic set, namely,
truth (measured in terms of R? values), indeterminacy, and
falseness (measured in terms of normalized RMSE values), to
obtain a more robust and reliable ensemble output, considering
all the uncertainty in the system output, to obtain a more
informative ensemble output compared to the fuzzy-based
approach.
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The Neutrosophic approach defines uncertainty using three
parts: Truth (T), Indeterminacy (I), and Falsity (F). The values
of T, I, and F are calculated for each base model using the
validation performance metrics.

Truth Membership (T): Truth reflects the predictive
reliability of a model and is defined using the coefficient of
determination.

T, = R} )
Indeterminacy Membership (I): Indeterminacy captures
model uncertainty.
I,=1-R? (10)
Falsity Membership (F): Falsity represents prediction error
and is derived from the normalized RMSE.

__ RMSE;—min (RMSE)
' max(RMSE)-min (RMSE)

)

A single Neutrosophic score is computed through
deneutrosophication to balance accuracy, uncertainty, and error.

(12)

The final ensemble weight for each model is obtained by
normalizing these scores.

24T, —I;—F;

Siz 3

Si

(13)

Wi =53
j=15j

The Neutrosophic ensemble prediction:

Ik = Z?:l Wiﬁi,k (14)
The performance metrics show that the combination of
Neutrosophic logic helps to strike a balance between the
accuracy of the model and the uncertainty of the environment,
resulting in a well-performing ensemble model for tea yield
prediction. These three algorithms, in total, form a progressive
and robust ensemble learning methodology. Algorithm 1
provides a solid foundation by optimally combining multiple
machinelearningmodelsthrough constrained optimization, thus
achieving balanced weight allocation mathematically.
Algorithm 2 extends this methodology by incorporating fuzzy
logic, thus achieving adaptive and performance-sensitive
weighting according to validation errors, thus increasing the
flexibility of the methodology. Algorithm 3 extends this
methodology by incorporating Neutrosophic logic, thus
achieving more efficient management of uncertainty and
variability in the performance of models, thus achieving a more
reliable, intelligent, and robust ensemble prediction system,
moving from a deterministic approach to uncertainty

management to intelligent weighting.

Algorithm 3: Proposed Neutrosophic Weighted Ensemble
(NWE) Algorithm

Require: Validation dataset Dyq; = {(x;,y;)}7=, , Base models
M = {mq,m,,..., my}

Ensure: Final ensemble prediction Y,

For each model m; € M do

‘ Compute validation metrics: R]Z and RMSEj on Dy
End for
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Epin = min(RMSE;)

Emax = max(RMSE;)

For each model m; € M do

Truth membership: Tj = R]2
Indeterminacy membership: [; = 1 — R?

Falsity membership:
RMSE; — Emin
B Emax - Emin
End for
For each model m; € M do

Compute neutrosophic score:

o _2+T-l—F
J 3
End for
Normalize scores to obtain weights:
S
W = o2
DY #0 Y

For a new input instance X, do

k
Yens Xnew) = z VV] . mj(xnew)
=

End for
Return Y6

IV. RESULTS

A. Dataset Description

The empirical data are in numerical form, representing
observations of tea production (kg/ha) and other agro-
meteorological factors of major tea-yielding states like Assam,
Himachal Pradesh, Kerala, Tamil Nadu, West Bengal, recorded
at the district level during the period 2015 to 2025. The dataset
is taken from [12]. Table I shows the description of the dataset
that includes temporal factors and other climatic variables such
as temperature, rainfall, relative humidity, and sunshine hours.
The data is presented in arithmetic mean values, along with the
minimum and maximum ranges, thus reflecting the variability
of the environmental factors that affected tea production during
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splitinto aratio of 80% and 20%. We have utilized 80% of the
data for training the models, and the rest of 20% is used for
testing.

M Assam Himachal Pradesh Kerala Tamil Nadu B 'West Bengal

[===]
o

2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025

Fig.2. Year-wise data collection

B. Performance of the Machine Learning Techniques for Tea
Yield Prediction

Here we use four initial machine learning models, Random
Forest, XG Boost, LGBM, Cat Boost for implementation, and
also use a weighted ensemble model for better results. The
performance metrics are as follows:

Coefficient of Determination (R?):

Ok
Ly-»?
Root Mean Squared Error (RMSE):

RMSE = 150y - 9)? (16)

Mean Absolute Error (MAE):

R?=1

5)

MAE = -S|y — 9| (17)

In the above equations, y is the observed yield and ¥ is the
predicted yield, and n is the total number of samples. The
performance of all the machine learning models and the
ensemble model is given in Table Il and Fig. 3.

. . . . . TABLEII. PERFORMANCE OF MACHINE LEARNING TECHNIQUES
the period. The data is given as a bar chart in Fig. 2.
Model R? RMSE MAE
TABLE I. DATASET DESCRIPTION

Random Forest 0.84 139.69 111.07

Variables Mean (min-max) XG Boost 0.83 141.92 112.49

Tea Yield (kg/ha) 1750.27 (1021.0-2923.4) Light GBM 0.83 144.26 116.09

Maximum Temperature (°C) 29.09 (19.2-37.8) Cat Boost 0.85 131.94 104.03

Minimum Temperature (°C) 19.25 (2.6-26.5) SLSQP-based Ensemble Model | 0.86 130.89 103.96

Rainfall (mm) 119.48 (0.0-485.6)

Relative Humidity — Morning (%) 85.24 (65.0-100.0)

Relative Humidity — Afternoon (%) 66.91 (34.7-96.7)

Sunshine Hours (hours) 5.60 (0.2-11.5)

The input of these regression algorithms is meteorological
factors, and the target value is the observed tea yield. Data is

Table II shows the comparative assessment of the models,
with each model’s performance compared and evaluated using
R2, RMSE, and MAE. From the table, it is clear that the Cat
Boost model outperforms the Random Forest, XG Boost, and
Light GBM models, as it has the highest R* and lower error
values. However, the Ensemble Model, which is based on
Sequential Least Squares Programming, hasthe highestR?value
of 0.86 and the least error values of 130.89 and 103.96,
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respectively. This shows that the ensemble model is more
reliable compared to the other models. The ensemble model is
more effective compared to the other models. Optimized
weightsare: Random Forest: 0.26, XGBoost: 0.01, Light GBM:
0.02, Cat Boost: 0.69.

d e

Fig.3. Graphical representation of machine learning models: a) Random
Forest, b) XG Boost, ¢) Light GBM, d) Cat Boost, ¢) Weighted ensemble
model.

C. Performance for Fuzzy Logic for Tea Yield Prediction

To overcome the uncertainty associated with the prediction
of tea yield and to apply dynamic weights to the learners, an
ensemble framework using fuzzy logic is developed. The
proposed ensemble framework combines four tree-based
regression learners: Random Forest (RF), XG Boost (XGB),
Light GBM (LGBM), and Cat Boost (CAT). Each of the base
learners is trained separately on the same training dataset and
generates predicted values for the tea yield. The prediction error
of each learneris calculated on the validation dataset using the
Root Mean Square Error (RMSE) metric. The RMSE values are
used as crisp inputs to the fuzzy logic system. Table III and
Fig. 4 show the performance of the Fuzzy-Based Ensemble
Model.

TABLE III. PERFORMANCE OF FUZZY ENSEMBLE MODEL TECHNIQUES
Model R? RMSE MAE
Fuzzy-based Ensemble Model 0.84 136.32 108.77
Actual vs Predicted Tea Yield - Fuzzy
3000
e Actual Yield °
Predicted Yield .
2750 °
. .. . e . o
2500 * ° * 3 ., ¢
ot * on .a ° e . . .
L] Ll
< 2250 - o % . o8 LI we o Bg 8
< pd 078 R L e e e d o . o
=} * 0 op . ®e So
= 2000 ° -“ -, " y ) ] ,‘. . :r i ..;
o . @2 2% S ] . o
@ ] odg e Po00 o o o st
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Sample Index
Fig. 4. Graphical representation of fuzzy logic-based tea yield prediction.
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The model provides an R? value of 0.84979, which shows
satisfactory accuracy for the model's predictions. The RMSE
value 0f136.3297 andthe MAE value 0f 108.7715 show that the
errors associated withthe predictions arerelatively low. Overall,
the fuzzy ensemble model shows good performance and
improves the accuracy of predictions by optimally assigning the
weights according to the performance of the models. Optimized
weights are: Random Forest: 0.2512, XG Boost: 0.2472, Light
GBM: 0.2431, Cat Boost: 0.2585.

D. Performance for Neutrosophic Logic for Tea Yield
Prediction

To enhance the accuracy of tea yield prediction in an
uncertain environment, a Neutrosophic ensemble learning
approach is proposed by combining four tree-based regression
models: Random Forest (RF), XG Boost (XGB), Light GBM
(LGBM), and Cat Boost (CAT). Each base model is trained
separately on the same training data and produces predicted
values of the tea yield, represented as ;.

The Neutrosophic approach defines uncertainty using three
parts: Truth (T), Indeterminacy (I), and Falsity (F). The values
of T, I, and F are calculated for each base model using the
validation performance metrics, and the metrics are shown in
Table IV.

TABLEIV. NEUTROSOPHIC METRICS
Model T I F
RF 0.8423 0.1577 04725
XG Boost 0.8372 0.1628 0.7301
LGBM 0.8318 0.1682 1.0000
Cat Boost 0.8514 0.1486 0.0000

A single Neutrosophic score is computed through
deneutrosophication to balance accuracy, uncertainty, and error.

(18)

The final ensemble weight for each model is obtained by
normalizing these scores.

_ 2tTi—Ii-F

§; =2

Si

(19)

Wi =52
j=15j

The performance of the Neutrosophic fuzzy model is shown
in Table V and Fig. 5.

TABLE V. PERFORMANCE OF NEUTROSOPHIC ENSEMBLE MODEL
TECHNIQUES
Model R? RMSE MAE
Neutrosophic Ensemble Model | 0.85 135.94 108.32

Table V shows the overall performance of the Neutrosophic
Ensemble Model. From the table, it can be concluded that the
model hasan R? value of 0.85064, which shows high predictive
accuracy. At the same time, the model has an RMSE value of
135.9409 and an MAE value 0f 108.3259, which shows that the
errors obtained from the model are quite low. Therefore, the
Neutrosophic ensemble model has shown good and reliable
performance while dealing with the uncertainty that occurs
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while evaluating the model and computing the weights.
Optimized weights are: Random Forest: 0.2596, XG Boost:
0.2281, Light GBM: 0.1952, Cat Boost: 0.3171.

Actual vs Predicted Tea Yield - Neutrosophic
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Predicted Yield .
2750
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Fig.5. Graphicalrepresentation of Neutrosophic-based tea yield prediction.

Performance of our proposed model (Sequential Least
Squares Programming (SLSQP) algorithm) is improved and the
results are found to be the best, with the R? value being high
(0.8629) and the error values being low. The Fuzzy Ensemble
Model and the Neutrosophic Ensemble Model are found to have
high performance. The performance of the Neutrosophic
Ensemble model is slightly better than the Fuzzy Ensemble
model. This is evident by the R? value being high and the error
values being low. Overall, the results show that the performance
of the Ensemble model is high compared to the individual
algorithms. The Ensemble model is found to have the most
precise and reliable performance. The comparative analysis of
our proposed ensemble model with the methods in the earlier
literature is given in Table VL

TABLE VI. COMPARISON STUDY WITH EARLIER LITERATURE
References R? RMSE MAE

Raj etal. [13] 0.612 - -
Batoolet al. [14] - 0.154 0.123
Xiang et al. [15] 0.70 -- -
Raghav etal. [16] - 1259.1 1086.4
Premkumaretal. [17] 0.61 - -
Proposed Method 0.86 130.89 103.96

V. CONCLUSION

This study proposes various machine leaming and ensemble
techniques for predicting tea yield using climatic data. The
proposed methodology, the optimized weighted ensemble
method based on Sequential Least Squares Programming
(SLSQP) is found to provide the highest prediction accuracy
compared to other machine learning models. However, the
models. Fuzzy and Neutrosophic ensemble models are proposed
to improve the reliability of prediction techniques based on
uncertainty handling capabilities. The Neutrosophic model is
found to performslightly better compared to the fuzzy model for
handling uncertainty conditions.
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Hence, ourproposed methodology provides better prediction
accuracy than Fuzzy and Neutrosophic-based models. This
study can be extended by incorporating climatic data from
various tea-producing states of world-wide to improve the
proposed prediction techniques using machine learning models.
Deep learning techniques can also be explored to improve the
prediction accuracy of the proposed prediction techniques.
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