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Abstract: Several machine learning models and their ensembles have been suggested for reference
evapotranspiration (ETo) modeling at different climatic regions. Researchers reported that optimizing model
hyperparameters using an intelligent algorithm significantly improves the performance of such models. However,
ensemble models hybridized with hyperparameter optimizers have hardly been applied for the precise estimation of
ETo worldwide. The current research is devoted to designing sixteen hybrid versions of four ensemble models,
alternatively coupled with four popular swarm intelligence optimization algorithms and finding the best-fit model
against different input combinations of available climatic parameters for the groundwater-stressed region of North
Bengal, India. The performances of four ensemble models and their sixteen hybrid versions were compared in terms
of four well-recognized statistical metrics: the coefficient of determination (R2), Nash-Sutcliffe efficiency (NSE), root
mean squared error (RMSE), and mean absolute error (MAE). Experimental results depicted that in nearly 92% of
cases, the hybrid versions outperformed the primary ensemble models, irrespective of the available climatic
parameters. In most cases, the ensemble models hybridized with the whale optimization algorithm (WOA) produced
the highest estimation accuracy, followed by the sailfish optimizer (SFO). Solar radiation was also found to be the
most significant climatic parameter for estimating ETy in this region.

Keywords: Reference Evapotranspiration, Ensemble Learners, Unified Model, Swarm Intelligence Optimization
Algorithms.

1. Introduction

For precise estimation of crop water
requirements, intelligent irrigation scheduling, and
regional water resource management, reference
evapotranspiration (ETo) has great significance [1, 2].
The existing models for estimating ETo are generally
categorized into two classes: empirical models and
machine learning-based simulation techniques [3].
Several empirical models were suggested [4] that
include the Hargreaves-Samani model [5], Priestley-
Taylor model [6], Irmak model [7], Makkink model [8],
Penman-Monteith (FAO-56 PM) model [9], etc. Each
empirical model computes ETo using a mathematical
equation involving one or more meteorological
parameters as inputs. Out of these models, the FAO-
56PM model has been recommended by the Food and
Agriculture Organization (FAO) as the most standard
method to provide a precise estimation of ETo [10, 11].

This method is used to validate other models due to its
good accuracy [12-14]. However, its application requires
a significant amount of meteorological data, which may
not be available in rural locations, particularly in
developing countries [15]. It becomes a significant
flagging in ETo estimation using FAO-56PM equation
[16]. Furthermore, the estimation of reference
evapotranspiration (ET,) is a nonlinear regression
problem, owing to the inherent functional
interdependence between input and target variables
[17]. The empirical models cannot signify all nonlinear
regression processes to provide high estimation
accuracy [18, 19].

To overcome the limitations of the empirical
models, several machine learning methods were
successfully applied to estimate ETo with limited inputs
when the complete set of meteorological data is hardly
available. Another advantage of such machine learners
is that they provide more straightforward solutions for
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nonlinear multivariable problems and require no prior
knowledge about internal functional processes [20].
Over the years, several machine learning methods have
been widely applied to design numerous models for
estimating ETo worldwide [21, 22]. The techniques used
to design such models include conventional fuzzy logic
[23, 24], artificial neural networks [25-28], decision trees
[29, 30], k-nearest neighbor [30, 31], support vector
machines [32-34], and other hybrid approaches like
adaptive neuro-fuzzy inference system (ANFIS) [35, 36].
Numerous studies have demonstrated that machine
learning (ML) algorithms consistently outperform
conventional empirical models in estimating reference
evapotranspiration (ET,) due to their enhanced ability to
capture complex, nonlinear relationships within
meteorological datasets [19, 37-41]. However, these
learners have significant limitations, such as determining
parameters in the learning algorithms, overfitting of
training data, etc. [42].

For better estimation of ETo, several
evolutionary computing (EC) approaches, such as
genetic programming (GP) and gene expression
programming (GEP) based on genetic algorithm (GA),
were suggested. A remarkable review of such systems
is available [15]. Most studies reported the limitation in
the predictability of EC models wusing fewer
meteorological parameters as inputs.

As an alternative, several ensemble learners
were proposed for ETo modeling. An ensemble learner
is an integration of multiple single learners that provides
a more accurate and reliable estimate than a single
learner [43]. For better estimation accuracy, model
stability, and efficiency, four boosted tree-based
ensemble learners, Gradient boosted machines (GBM)
[3,17,44], Light gradient-boosted machine (LGB)
[3,17,45-48], Extreme gradient boosted machine (XGB)
[3,45-48], and Categorical boosting machine (CAT)
[3,17, 48-49] are nowadays very well-recognized to
estimate ETo worldwide.

Though these ensemble learners achieved an
acceptable accuracy for estimating ETo [3, 17, 44-49],
there is an opportunity for further improvement of these
models using hyperparameter optimization.
Hyperparameters are the structural parameters of a
learner, such as the number of estimators, learning rate,
number of leaf nodes, etc. The performance of a model
depends on properly tuning these hyperparameters [50].
An appropriate tuning of these hyperparameters leads to
better performance of a learner with less convergence
time [51]. It is evident that instead of a trial-and-error
method, hyperparameter optimization using a
metaheuristic algorithm significantly improves the
performance of a learner and makes it efficient [51]. In
recent years, many optimizers based on nature-inspired
algorithms have been proposed in the literature to solve
various problems [52, 53]. Among them, optimizers
based on Swarm intelligence (SI) have been widely

adopted to solve problems in most cases (48.54%) [53].
Swarm Intelligence (SI) refers to the emergent collective
intelligence exhibited by decentralized, self-organized
systems of multiple agents, whose interactions are
governed by biologically inspired behavioral rules
observed in animal societies like aquatic species, insect
colonies, terrestrial herds, and avian flocks. This
distributed problem-solving capability enables Sl
systems to efficiently address complex optimization
tasks. Some popular variants of the Sl optimizers, such
as the Grey wolf optimizer (GWO) [54], Sailfish optimizer
(SFO) [55], Salp swarm optimizer (SSO) [56], and Whale
optimizer (WOA) [57] are now extensively appreciated
by the researchers [58].

For better estimation of ETo, only a few studies
used machine learners coupled with optimization
techniques. Quej et al. [59] suggested an SVM model
optimized using a genetic algorithm (GA), Adib et al. [60]
used a GA to optimize an ANN model in Iran, Akiner and
Ghasri [61] coupled snhake optimization with ANFIS
models, Tao et al. [62] applied a fuzzy model with a firefly
optimizer, and Zhao et al. [63] used Bayesian
optimization (BO) with an Extreme Gradient Boosting
Machine (XGB) for estimating ETo. Elbeltagi et al. [64]
developed a novel model for predicting ETo using the
Artificial Bee Colony optimization coupled with ANN in

Egypt.

Several researchers reported that instead of a
single learner, ensemble learners coupled with
hyperparameter optimizers produce better results with
less or insufficient data [63, 65, 66]. However, ensemble
learners coupled with such optimizers have hardly been
reported for ETo modeling. Yan et al. [66] proposed an
XGB model coupled with the whale optimizer (WOA) for
estimating ETo in China. Han et al. [65] suggested
another model where XGB was coupled with a Bat
optimizer to estimate ETy in China's arid and semi-arid
regions. Zhao et al. [63] estimated reference crop
evapotranspiration by optimizing the hyperparameters of
GBM using particle swarm optimization (PSO). A
significant limitation of these models was that they were
designed using only a single ensemble learner coupled
with a single optimizer. The proficiency of other learner-
optimizer couples was unexplored.

Despite the merits of each optimizer, the “No
free lunch” (NFL) theorem demonstrates that a particular
learner coupled with a single optimizer cannot always
provide the best results for all problems [67]. Choosing
the best region-specific learner-optimizer pair for
alternative combinations of meteorological parameters
by the trial-and-error method is cumbersome, time-
consuming, and a major challenge for ETo, modeling.
However, for estimating ETo, no unified model has been
suggested that can automatically select the best-fit
learner-optimizer pair to achieve the best result.
Therefore, the objective of the present study is to
suggest a novel architecture to design a unified model
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that can automatically select the best learner-optimizer
pair from an assembly and, at all times, assure the best
possible result for estimating ETo, irrespective of the
climatic regions and the available meteorological
parameters.

To validate our proposed model, case studies
were conducted in the North Bengal region of West
Bengal state in India. The descriptions of the study area,
datasets used, model architecture, and performance
evaluation strategies are presented in Section 2. Section
3 describes the results and their analysis from different
angles of view. Finally, conclusions are summarized in
Section 4.

2. Methods
2.1 Study Area

This study region covers eight districts:
Alipurduar, Cooch Behar, Jalpaiguri, Darjeeling,

Kalimpong, North Dinajpur, South Dinajpur, and Malda,
situated in the North Bengal region of West Bengal,
India. It is primarily a rural and technologically backward
area where more than half of the population depends on
agriculture [68]. About 70% of the total geographical
area of this region is used for agriculture, out of which
only 43% is under irrigation
(https://agricoop.nic.in/en/agriculturecontingency/west-
bengal). Groundwater is the major source of water
supply for irrigation during the rabi cropping season
(November to May), in the North Bengal region. The
absence of scientific water management techniques has
led to suboptimal irrigation practices among farmers,
worsening groundwater  exploitation. Regional
assessments indicate severe water stress in the ground
aquifer during the rabi cropping season [69]. This
observation motivated us to select the North Bengal

region as our study area to validate our model and to
deploy it for precisely estimating reference
evapotranspiration (ETo) as a prime factor in efficient
irrigation management. It is to be mentioned that no such
study has been conducted in this region so far. Figure.
1. shows the geographic location of the study area.

2.2 Datasets Used

The consistent and reliable datasets used in the
present study were obtained from the Indian
Meteorological Department, the Government of India
(https://dsp.imdpune.gov.in/).  Five  meteorological
parameters: daily minimum and maximum temperatures
Tmin @nd Tmax (in °C), relative humidity Ry (%), wind speed
W5 (in Kmph) at 2m height, and solar radiation (S;) were
used as inputs. Daily climatic data from January 2014 to
August 2022 were collected from three dispersed
weather stations, Jalpaiguri, Cooch Behar, and Malda,
under different agroclimatic environments. Due to the
lack of sophisticated instruments in these three weather
stations, directly measured solar radiation (S;) data were
unavailable. Therefore, solar radiation (S;) was
computed using other available functional parameters,
latitude, cloud cover, and the Julian date, using the
methods proposed by Allen et al. [9].

For a better convergence rate of the ensemble
models, the values of all the meteorological parameters
were normalized to an interval between 0 to 1, using
equation 1 as suggested by Wu et al.,[3]:

In — Ii = Imin (1)
Imax = Imin

Where I, is the normalized input value, |; is the
actual input value, Inax and Imin are the maximum and
minimum values of the input variable, respectively.

North Bengal Region

Figure. 1. Geographical area of study
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Table 1. Statistical findings of the datasets

Training Set Validation Set Testing Set
g Total Samples| 01/01/2014-27/9/2017 28/09/2017-16/09/2020 17/09/2020-31/12/2021
E 2164 Rh | Tmin| Ws | Rh | St |ETo|Tmax| Tmin [Ws| Rnh | Sr |ETo|Tmax| Tmin| Ws | Rn | Sr |ETo
= g Max. 38.2|28.7| 3.2 [98.0|29.4|6.2|37.9|28.2|12.1(97.3|29.0|5.8 (37.2|28.1| 5.7 |97.5|29.4|6.3
-% °z" Min. 14.116.20.0|41.5/6.2|1.0(14.8| 7.3 0.0{38.0/ 6.3 |1.0|15.0/{ 6.9 | 0.0 |42.5/6.2 |1.0
EU- g Avg. 30.4/20.0| 0.6 |77.3|17.2|3.3|29.8|19.4|0.3|74.2|16.9/3.1 {30.9|19.7| 0.4 |74.0|16.6|3.1
g Std. Dev. 4.0(5.8|0.5|10.0/{4.3|1.1|13.9|5.6(0.3]11.9/4.0|1.0/3.6|5.6| 0.5 [11.2{46|1.1
':"E Kurt. 0.8|-1.1/2.7{0.2|0.0|-0.5{1.0 |-1.0/4.0/-0.4| 0.1 |-0.5{ 0.9 |-1.2| 22.8 |-0.4| 0.4 |0.4
- Skew. -0.9|-0.5/1.6 |-0.6/ 0.4 {0.3/-0.9(-0.4|1.8|-0.4/ 0.4 |0.2|-0.8|-0.4| 3.4 |-0.2| 0.6 |0.8
Training Set Validation Set Testing Set
Total Samples
§ 9343 01/01/2014-12/08/2017 13/09/2017-29/09/2017 29/09/2020-31/12/2021
% Tmax| Tmin| Ws | Rn | St |[ETo|Tmax| Tmin |[Ws| Rh | St |ETo|Tmax| Tmin| Ws | Rn | Sr |[ETo
g g Max. 38.9|27.8| 6.1 [99.0|29.4| 6.7 |38.2|27.6|3.3|98.0(|28.8|6.1 (37.7|28.3| 24.4 |98.3|29.0| 7.4
ﬁ oz' Min. 14.414.710.0|37.5/6.6 |1.1|15.4| 3.9 |0.0{38.5{ 7.3 |1.3|14.7|5.6 | 0.0 |35.8/6.3 |1.2
§ g Avg. 30.4/19.2| 0.9 |76.0|16.7|3.3|29.4/17.1|0.9(74.6|17.1| 3.2 |{29.6|18.4| 1.0 |72.3|16.6|3.2
° g Std. Dev. 3.7/6.0|/0.611.3/3.9|1.0{3.8/6.7|0.4/9.4|4.2|1.1{40|6.2| 1.6 |13.2|4.6|1.2
% Kurt. 0.9/-1.110.1{0.0| 0.1 }-0.3{ 0.5 |-1.3|4.3/ 0.0 |-0.2|-0.9/ 0.3 |-1.2|174.7|-0.4| 0.2 | 0.2
- Skew. -0.8/-0.5/2.1 |-0.5/ 0.4 {0.3|-0.5/0.0 |1.4/-0.2| 0.3 |0.3|-0.5|-0.3| 12.5|-0.1| 0.7 | 0.8
Training Set Validation Set Testing Set
Total Samples
é 2126 01/01/2014-29/08/2017 30/08/2017-28/09/2020 29/09/2020-31/12/2021
3 Tmax| Tmin| Ws | Rh | St |[ETo|Tmax| Tmin |[Ws| Rn | St |ETo|Tmax| Tmin| Ws | Rn | Sr |[ETo
g Max. 42.032.0| 2.2 |97.4|29.5|7.3|39.0|30.0{1.9/95.3|27.5|5.7 |40.0{30.0| 1.9 [94.9|27.9|6.4
(!c: az: Min. 16.0/{ 8.0 0.0|25.5/6.4|1.1|16.0| 6.0 |0.0|36.0/ 7.1 |1.2| 0.0 |210.0| 0.0 |39.8]| 7.1 |1.3
= g Avg. 31.3|22.2| 0.6 [73.0|17.5/3.5|31.3|23.1|0.5(74.2|17.3|3.5(29.8|20.6| 0.5 |73.9|16.9|3.2
g Std. Dev. 48(54|103|12.4/4.1|1.1|/4.3|5.3|0.3]111.4/4.1|1.0/5.1|(5.6| 0.3 [10.7/3.8|1.1
':% Kurt. 0.1|-0.8/1.4({1.0|/0.1/0.0{14|0.6|2.1/0.6|-0.4|-0.6/1.8|-1.2| 1.8 |0.0|-0.1}-0.5
- Skew. -0.6/-0.7/0.8 |-0.9/0.5(0.5|-1.3|-1.1|1.1|-0.9/ 0.2 |0.0|-0.6|-0.1| 1.0 |-0.6| 0.3 |0.6

The normalized (master) datasets were divided
into three groups in a 60:20:20 ratio. The first group
(60%) was used as a training dataset to train the four
ensemble models; the second group (20%) was used as
a validation dataset to tune the hyperparameters of each
model; and the rest (20%) of the datasets were used as
testing datasets to evaluate the performance of the
models. The statistical findings of the datasets collected
from the three weather stations (Jalpaiguri, Cooch
Behar, and Malda) are provided in Table 1.

The training, hyperparameter optimization, and
evaluation of each model were conducted using eight
distinct input combinations derived from five available
meteorological parameters: minimum temperature
(Tmin), Maximum temperature (Tmax), wind speed (Ws),
relative humidity (Rn), and solar radiation (S;). The eight
input  combinations  comprised the  following
configurations:The eight input combinations are: Ci =
{Tmin, Tmax}, Cz= {Tmin, Tmaxs Ws}, Cs= {Tmin, Tmaxs Rh}, Cs
= {Tmin, Tmax, Sr}, Cs = {Tmin, Tmax, Ws, Rh}, Ces = {Tmin,
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Tmax, W, Sr}, Cr = {Tmin, Tmax, Rn, Sr}, and CS:{Tmin,
Tmax, Ws, Rn, Si}. For the input combination Cg = {Tmin,
Tmax, Ws, Rn, S}, the normalized master datasets were
directly used as they contained the complete set of all
five parameters. For the other seven input combinations
(C1 to C7), respective subsets of data were mined from
the master datasets.

2.3 Reference Values of ETg

As a widely accepted practice, the ETo values
calculated using the FAO-56PM method [9] were
considered as the reference (target) values of ETo for
training, validation, and testing of the models [10, 11].
The reference values of ETo (ETopm) (Mm d1) were
calculated using the FAO-56PM equation:

0.408XAX(Rq—G)+ yxﬂxuzx(es—ea)

_ T+273
ETopm = A+yx(1+0.34Xuy) @

Where Ra denotes the net radiation measured in
MJ m~2 day™1,G represents the soil heat flux density
measured in MJ m=2 day™),T is the mean daily air
temperature measured in C,u» corresponds to the wind
speed measured at 2 m above the ground surface
measured in m s™1,es and e, represents the saturation
vapor pressure and actual vapor pressure, respectively,
measured in kPa,A refers to the slope of the vapor
pressure curve measured in kPa C™, and y stands for
the psychrometric constant, which is measured in kPa
C™1. All of the parameters used to estimate ETo by the
FAO-56PM equation are calculated using 24 additional
equations from various atmospheric variables, including
temperature, humidity, wind speed, etc., [9].

2.4 Model Architecture

Four decision tree-based ensemble learners,
GBM, LGB, XGB, and CAT, were chosen as the primary
learners for the proposed model, and four swarm
intelligence-based optimizers GWO, SFO, SSO, and
WOA, were used for hyperparameter optimization. Each
of these four primary learners was alternatively coupled
with four S| optimizers (GWO, SFO, SSO, and WOA).
Considering all possible combinations, a total of sixteen
learner-optimizer pairs were designed. The learner
assembly was created with the four primary learners and
the sixteen learner-optimizer pairs. A total of twenty
learners (four primary learners and sixteen learner-
optimizer pairs) were used for estimating ETo with the
location-specific dataset, as presented in Table 2.

The model architecture and general method
adopted to couple each primary learner with an optimizer
are presented in Figure 2. In the first step, each primary
learner was trained with training datasets. The
hyperparameters of each trained primary learner were
optimized by each of the optimizers using validation
datasets to obtain an optimized learner (learner-
optimizer pair) in the second step. Finally, the

performance evaluator evaluates the performance of
each of the twenty learners in the assembly in terms of
four performance metrics using the testing datasets and
selects the best one to give the output. Each of these
primary learners was developed using the standard
Python library packages of Scikit-learn. The SI
optimizers were coded by the authors using Python.

2.5 Primary Learners

The present study used four tree-based
ensemble learners, GBM, LGB, XGB, and CAT, as the
primary learners. Each of these primary learners was an
ensemble of multiple weak learners (decision tree-based
ML models) that used a boosting algorithm for their
training. The main principle behind the boosting
algorithms is that a collection of weak learners can
provide better results than an individual weak learner
[70]. These algorithms use an iterative approach to
obtain more accurate results by combining the outputs
of several weak learners into strong learners [71]. The
process starts by creating a learner, and then the next
learner corrects the mistakes made by the previous
learner to provide better results, and so on. The iterative
optimization  process continues to  generate
progressively stronger learners until a predefined
convergence criterion is met. Subsequently, the outputs
of all constituent learners are aggregated through a
weighted average approach to derive the final prediction
[72]. Several literatures have been published on the
training functions, algorithms, and various applications
of these four ensemble models since their first
appearances [72-75]. An overview of each of these four
primary learners is presented in the following
subsections.

2.5.1. Gradient Boosted Machines (GBM)

A gradient boosted machine is a decision tree-
based ensemble learner first proposed by Friedman [72].
It is a popular machine-learning algorithm due to its
accuracy, efficiency, and interpretability. The gradient
refers to the pseudo-residuals or errors made by the
individual decision tree learners [76]. In a gradient
boosted machine, each learner tree tries to minimize the
errors made by its predecessor tree to improve the
prediction performance. Each learner is assigned a
weight (learning rate) to avoid overfitting. The iterative
process of generating new learners continues until a
stopping condition (e.g., the maximum number of
estimators) is met. The final prediction is obtained by a
weighted summation of the predictions made by all the
learners in the ensemble.

2.5.2. Extreme Gradient Boosted Machine (XGB)

The Extreme Gradient Boosted Machine is an
improved version of the Gradient Boosted Machine [73].
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Table 2. Four ensemble models and their sixteen optimized versions

SI. Nos. | Base models | Optimizers | Optimized versions Model description
1. GBM |- ] e GBM base model
2. GBM GWO GBM+GWO GBM coupled with GWO
3. GBM SFO GBM+SFO GBM coupled with SFO
4. GBM SSO GBM+SSO GBM coupled with SSO
5. GBM WOA GBM+WOA GBM coupled with WOA
6. ] = N R LGB base model
7. LGB GWO LGB+GWO LGB coupled with GWO
8. LGB SFO LGB+SFO LGB coupled with SFO
9. LGB SSO LGB+SSO LGB coupled with SSO
10. LGB WOA LGB+WOA LGB coupled with WOA
11. XGB | - XGB base model
12. XGB GWO XGB+GWO XGB coupled with GWO
13. XGB SFO XGB+SFO XGB coupled with SFO
14. XGB SSO XGB+SSO XGB coupled with SSO
15. XGB WOA XGB+WOA XGB coupled with WOA
16. CAT | - CAT base model
17. CAT GWO CAT+GWO CAT coupled with GWO
18. CAT SFO CAT+SFO CAT coupled with SFO
19. CAT SSO CAT+SSO CAT coupled with SSO
20. CAT WOA CAT+WOA CAT coupled with WOA
Validation
Datasets
(20%)
Training U Testing
Datasets Datasets
%) e e
U | GBM+GWO |
|  GBM+SSO |
GBM | GBM+SFO |
xas [N Gaviwor | valutor
LGB Training ! : i Optimization
CAT i CAT i
Primary Learners i CAT+GWO :
| cAT+ssO |
| CAT+SFO |
| CAT+WOA i
“Learner Assembly

Figure 2. The general architecture of optimizer coupling

The improvement is achieved using a second-  overfitting, making XGB superior to GBM. The XGB is a
order Taylor series expansion of the loss function (or fast learner as compared to classical GBM.
objective function), added with a regularization
parameter. The addition of the regularization parameter ~ 2.5.3. Light Gradient Boosted Machines (LGB)
maintains the bias-variance tradeoff and prevents A Light gradient boosted machine learning
model was developed by Ke et al. [74]. This model has
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the advantages of low space requirement, less training
time, better accuracy, and the capacity to treat large-
scale data. The light gradient boosted model follows
depth expansion (leaf-wise) of the consecutive learner
trees rather than breadth-wise (level-wise) expansion.
For more scalability of the model, it employs two sets of
algorithms: Gradient-based One Side Sampling (GOSS)
and Exclusive Feature Bundling (EF-B). The GOSS
algorithm considers only samples that offer more
information gain than a given threshold value, leading to
more accuracy. The EF-B algorithm bundles multiple
feature sets into a single domain, acting as a
dimensionality reduction method. LGB combines the
information gains of the left and right subtrees into a
single learning function [74, 77].

2.5.4. Categorical Boosted Machines (CAT)

Categorical boosted machines (CAT) or
gradient boost with categorical features is an open-
source algorithm [75]. This algorithm is based on a target
encoding strategy for categorical features employing
target-based statistics [78]. The CAT model is capable
of integrating multiple features into a single feature
following a greedy approach. CAT uses ordered
boosting to overcome prediction shifts caused by
gradient bias [49]. Unlike the other boosting machines, it
considers the same feature-splitting criterion at the same
level of the tree, helping to tackle the overfitting problem.

2.6 Model Hyperparameters

Five contributory hyperparameters common to
four decision tree-based ensemble learners were
selected for optimization. The five hyperparameters
were: the maximum number of trees in the ensemble (n),
learning rate (a), maximum depth of each tree (A), the
maximum number of leaf nodes for each tree (p), and
the subsample of the training dataset (o) used for
training (generating) the trees. Each of these five
hyperparameters is very critical in determining the tree
size, the number of trees in an ensemble, and the
structure of each tree. The n value defines the number
of trees to be used in the ensemble model. It is a critical
factor that determines the complexity of the learner and
is responsible for controlling the boosting quantity [79].
The learning rate a controls the weights to be assigned
to each of the weak learners and assigns weightage to
each tree based on its accuracy of prediction. It is
inversely proportional to the errors in the predictions of
each tree. The A controls the height of each tree, and the
hyperparameter p regulates the upper bound of the
number of terminal nodes in the tree. The o is another
vital tunable hyperparameter, which directly controls the
training data used while generating the individual tree.
Adjusting this hyperparameter to an optimum value
ensures that the learners are not overfit. Thus, an
optimizer aims to provide the best model having an
optimum number of trees and of optimum size [80]. The

range of the values of each of the five hyperparameters
is provided in Table 3.

Table 3. Hyperparameters and their range of values

Hyperparameters Range of values

Maximum number of trees in the|1-500
ensemble (n)

Learning rate (a) 0.1-1.0

Maximum depth of each tree (A) |1-10

Maximum number of leaf nodes|2-10
for each tree (p)

Subsample of training dataset|0.1-1.0
used for training the trees (o)

2.7 Hyperparameter Optimizer

In most machine learning models, the values of
the hyperparameters are set to some predefined values
that cannot be adjusted during training. A significant
limitation of this approach is that the loss (error) function
may get stuck in the local minima. The models do not
achieve their full potential in such cases and produce
comparatively poor accuracy [81]. The performance of
an ML model depends on the proper tuning of these
hyperparameters [50]. Therefore, obtaining the best
values of the hyperparameters is essential so that the
ML model can achieve its full potential with less
convergence time [51].

Several hyperparameter optimizers have been
suggested that use different algorithms, such as
Bayesian optimization [82], gridded search [83], nature-
inspired optimization (NIO), cross-validation, gradient
descent, etc., [2]. The optimizers using nature-inspired
algorithms are very popular in recent times [52] and
perform better than others [84]. Among them, swarm
intelligence (SI) based optimizers are the most prevalent
for solving optimization problems [53].

In our present study, four widely applied Sl
optimizers, Grey wolf optimizer (GWO) [54], Sailfish
optimizer (SFO) [55], Salp swarm optimizer (SSO) [56],
and Whale optimizer (WOA) [57] were selected to
optimize four primary learners. The selection was based
on three criteria, current popularity of the optimizer,
recency (year of publication) of the optimizer, and
occurrence of being more accurate (champion), as
suggested by Li et al. [58]. The optimization functions,
algorithms, and other details of these four optimizers are
available in Mirjalili et al.,(2014) [54], Shadravan et al.
[55], Mirjalili et al. (2017) [56], and Mirjalili and Lewis
[57].

2.7.1. Grey Wolf Optimizer (GWO)

The GWO is a multi-elite strategy-based
optimizer inspired by the hunting mechanism of the grey
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wolf (Canis lupus) pack [54]. There are divisions of social
hierarchy among the wolves, mainly alpha, beta, delta,
and omega, each with its own assigned job. The alphas
are considered the responsible leaders to make
decisions on every aspect of the entire pack. The betas
are second in command and help the alphas in decision-
making; while dominating the omegas, deltas are under
the alphas and betas. The omegas are the lowest in the
social hierarchy, carry out daily menial jobs, and are
considered scapegoats. Each member of this hierarchy
represents a solution to a given optimization problem.
The solution hierarchy follows a descending order of
accuracy, with alpha representing the best solution,
followed by suboptimal solutions beta and delta, while all
remaining solutions with lower accuracy fall under
omega.

2.7.2. Sailfish Optimizer (SFO)

The SFO is another swarm intelligence-based
optimizer [55]. Contrary to GWO, this algorithm is a
single-elite-based algorithm with only one best solution.
This algorithm is inspired by the sailfish (Istiophorus
platypterus) hunting style of sardine prey (Sardinella
aurita). This algorithm considers two fish categories: the
sailfish and the sardine distributed across the search
space. The sailfish population searches for the nearest
sardine and injures it. This injured sardine is the best
solution among the sardine population. If the sardines in
the algorithm can provide a better solution than the
current elite sailfish, the elite sailfish will take over the
sardine's position and replace it. That is, the value of the
elite will be initialized by that of the sardine providing a
better solution.

2.7.3. Salp Swarm Optimizer (SSO)

SSO is also a single elite swarm intelligence-
based optimizer inspired by the foraging method of salps
[56]. The algorithm was developed in a manner that
mathematically tries to represent the hunting techniques
of the salps. The salps hunt for food by making a
Fibonacci-type structure where the origin point is the
position of the leader (best position). The position of the
other salps gets updated depending on the leader's
current position.

2.7.4. Whale Optimizer (WOA)

The WOA [57] is based on the scavenging
mechanism of humpback whales. These whales use a
technigue called the bubble net feeding method for
hunting fish. This is also a single-elite NIO, as only one
whale gives the best solution. The bubble net feeding
method is implemented using two separate strategies,
mainly encircling the prey and then shrinking the circle
towards it and a spiral attack [58].

2.8 Performance Evaluation

The assessment of the performance of a
machine learner using a single metric may lead to a
unidirectional interpretation of the results. Evaluating the
performance of a learner using multiple metrics is used
to ensure a comprehensive assessment. Therefore, the
performances of our proposed learners were evaluated
in terms of four widely used statistical metrics, coefficient
of determination (R2), Nash-Sutcliffe efficiency (NSE),
root mean square error (RMSE), and mean absolute
error (MAE) [45, 85].

n 2
2 _ [Zi=1(ET0Pi_m)'(ETOPMi—m)] .
Z?:1(ET0pi_m)'Z?zl(EToPMi—m)
" 2
24_ (ETOPMi_ETUPi)
A N 2 @)
Z (ETOPMi—m)
i=1
Z (ETOPL‘_ETOPML-)Z
RMSE = i=1 ©)
n
" \ETop ~ETopm
MAE = Zi=1| 0p; OPML| (6)

n

Where ET,,, represents the FAO-56PM
reference value of ETo (from equation 2), ET,, refers to

the estimated value of ETo, ETypy iS the mean of the
reference value, ETy, is the mean of the estimated value
of ETo, and n is the total number of input observations.

For comprehensive performance assessment
and for better interpretation of the results, two composite
metrics were formulated: average goodness (Gg4) and
average error (E;). The Gqgq metric represents the
arithmetic mean of two goodness-of-fit measures, the
coefficient of determination (R?) and Nash-Sutcliffe
efficiency (NSE), mathematically expressed as

Gd = (R2+ NSE)/2 @)

Similarly, E, represents the arithmetic mean of
two error metrics: root mean square error (RMSE) and
mean absolute error (MAE), expressed mathematically
as

Er = (RMSE + MAE)/2 (8)

A higher value of Gq represents a better fit,
whereas a lower value of E; indicates better performance
of the model.

3. Results and Discussion

All the ensemble learners, along with their SI-
optimized versions, were designed and applied in three
study locations, Jalpaiguri, Cooch Behar, and Malda, in
the North Bengal region.
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Table 4. The values of performance metrics obtained against each model under eight input combinations at the study location, Jalpaiguri

Combination C1

Combination C2

Combination Cs

Combination Ca

R2

NSE

Ga

RMSE

MAE

Er

R2

NSE

Gy

RMSE

MAE

=

RZ

NSE

Ga

RMSE

MAE

Er

R2

NSE

Ga

RMSE

MAE

Er

GBM

0.361

0.361

0.361

0.864

0.703

0.784

0.483

0.483

0.483

0.778

0.620

0.699

0.389

0.389

0.389

0.845

0.668

0.757

0.908

0.908

0.908

0.328

0.240

0.284

GBM+GWO

0.358

0.358

0.358

0.867

0.705

0.786

0.393

0.393

0.393

0.843

0.663

0.753

0.381

0.381

0.381

0.851

0.674

0.762

0.901

0.901

0.901

0.340

0.251

0.296

GBM+SFO

0.371

0.371

0.371

0.858

0.708

0.783

0.494

0.494

0.494

0.769

0.613

0.691

0.361

0.361

0.361

0.864

0.677

0.771

0.907

0.907

0.907

0.330

0.244

0.287

GBM+SSO

0.362

0.362

0.362

0.864

0.707

0.785

0.495

0.481

0.488

0.768

0.611

0.690

0.341

0.341

0.341

0.878

0.684

0.781

0.902

0.902

0.902

0.339

0.246

0.292

GBM+WOA

0.348

0.348

0.348

0.873

0.715

0.794

0.511

0.511

0.511

0.756

0.604

0.680

0.432

0.432

0.432

0.815

0.660

0.737

0.896

0.896

0.896

0.349

0.260

0.304

LGB

0.310

0.310

0.310

0.898

0.714

0.806

0.417

0.417

0.417

0.825

0.636

0.731

0.318

0.318

0.318

0.893

0.693

0.793

0.909

0.909

0.909

0.326

0.240

0.283

LGB+GWO

0.353

0.353

0.353

0.870

0.712

0.791

0.393

0.480

0.436

0.843

0.663

0.753

0.411

0.411

0.411

0.830

0.666

0.748

0.909

0.909

0.909

0.327

0.240

0.283

LGB+SFO

0.350

0.350

0.350

0.872

0.709

0.791

0.474

0.474

0.474

0.785

0.632

0.708

0.386

0.386

0.386

0.848

0.671

0.759

0.905

0.905

0.905

0.333

0.245

0.289

LGB+SSO

0.343

0.343

0.343

0.876

0.718

0.797

0.488

0.488

0.488

0.774

0.627

0.700

0.386

0.386

0.386

0.847

0.675

0.761

0.907

0.907

0.907

0.330

0.243

0.286

LGB+WOA

0.345

0.345

0.345

0.875

0.718

0.797

0.489

0.489

0.489

0.773

0.621

0.697

0.409

0.409

0.409

0.832

0.668

0.750

0.906

0.906

0.906

0.331

0.245

0.288

XGB

0.260

0.260

0.260

0.930

0.732

0.831

0.367

0.367

0.367

0.860

0.674

0.767

0.263

0.263

0.263

0.928

0.712

0.820

0.894

0.894

0.894

0.352

0.256

0.304

XGB+GWO

0.370

0.370

0.370

0.859

0.705

0.782

0.474

0.474

0.474

0.784

0.633

0.709

0.516

0.516

0.516

0.752

0.588

0.670

0.910

0.910

0.910

0.325

0.238

0.281

XGB+SFO

0.329

0.329

0.329

0.886

0.705

0.795

0.444

0.444

0.444

0.806

0.620

0.713

0.358

0.358

0.358

0.867

0.684

0.775

0.906

0.906

0.906

0.332

0.243

0.287

XGB+SSO

0.330

0.330

0.330

0.885

0.718

0.802

0.329

0.329

0.329

0.886

0.685

0.785

0.325

0.325

0.325

0.889

0.688

0.788

0.909

0.909

0.909

0.326

0.239

0.282

XGB+WOA

0.418

0.418

0.418

0.825

0.677

0.751

0.480

0.480

0.480

0.780

0.626

0.703

0.528

0.528

0.528

0.743

0.574

0.659

0.902

0.902

0.902

0.338

0.253

0.296

CAT

0.341

0.341

0.341

0.878

0.701

0.789

0.447

0.447

0.447

0.804

0.627

0.716

0.330

0.330

0.330

0.885

0.687

0.786

0.903

0.903

0.903

0.336

0.245

0.290

CAT+GWO

0.367

0.367

0.367

0.860

0.709

0.785

0.471

0.471

0.471

0.786

0.618

0.702

0.347

0.347

0.347

0.874

0.694

0.784

0.908

0.908

0.908

0.329

0.242

0.285

CAT+SFO

0.364

0.364

0.364

0.862

0.704

0.783

0.495

0.495

0.495

0.768

0.611

0.690

0.378

0.378

0.378

0.853

0.678

0.765

0.908

0.908

0.908

0.328

0.241

0.284

CAT+SSO

0.354

0.354

0.354

0.869

0.724

0.796

0.471

0.471

0.471

0.786

0.620

0.703

0.340

0.340

0.340

0.878

0.687

0.783

0.908

0.908

0.908

0.328

0.241

0.284

CAT+WOA

0.369

0.369

0.369

0.859

0.705

0.782

0.452

0.452

0.452

0.800

0.626

0.713

0.385

0.385

0.385

0.848

0.672

0.760

0.905

0.905

0.905

0.333

0.248

0.291

Int. Res. J. Multidiscip. Technovation, 7(6) (2025) 1-26 | 9



Vol 7 Iss 6 Year 2025

Gouravmoy Banerjee etal, /2025

Combination Cs

Combination Cs

Combination C~

Combination Cs

R2

NSE

Ga

RMSE

MAE

Er

R2

NSE

Gy

RMSE

MAE

=

RZ

NSE

Ga

RMSE

MAE

Er

R2

NSE

Gd

RMSE

MAE

Er

GBM

0.541

0.541

0.541

0.732

0.585

0.659

0.962

0.962

0.962

0.210

0.159

0.184

0.889

0.889

0.889

0.361

0.264

0.313

0.962

0.962

0.962

0.212

0.158

0.185

GBM+GWO

0.500

0.500

0.500

0.765

0.611

0.688

0.967

0.967

0.967

0.197

0.151

0.174

0.874

0.874

0.874

0.384

0.277

0.330

0.972

0.972

0.972

0.182

0.134

0.158

GBM+SFO

0.499

0.499

0.499

0.765

0.598

0.682

0.969

0.969

0.969

0.189

0.144

0.167

0.888

0.888

0.888

0.362

0.273

0.318

0.969

0.969

0.969

0.191

0.139

0.165

GBM+SSO

0.535

0.535

0.535

0.737

0.587

0.662

0.963

0.963

0.963

0.207

0.153

0.180

0.864

0.864

0.864

0.398

0.286

0.342

0.971

0.971

0.971

0.184

0.135

0.160

GBM+WOA

0.512

0.512

0.512

0.755

0.587

0.671

0.968

0.968

0.968

0.193

0.144

0.169

0.891

0.891

0.891

0.357

0.273

0.315

0.974

0.974

0.974

0.175

0.129

0.152

LGB

0.478

0.478

0.478

0.781

0.609

0.695

0.956

0.956

0.956

0.227

0.163

0.195

0.870

0.870

0.870

0.390

0.278

0.334

0.959

0.959

0.959

0.219

0.153

0.186

LGB+GWO

0.553

0.553

0.553

0.723

0.577

0.650

0.960

0.960

0.960

0.216

0.155

0.185

0.890

0.890

0.890

0.359

0.264

0.312

0.966

0.966

0.966

0.200

0.142

0.171

LGB+SFO

0.534

0.534

0.534

0.738

0.590

0.664

0.961

0.961

0.961

0.212

0.156

0.184

0.879

0.879

0.879

0.376

0.273

0.324

0.963

0.963

0.963

0.209

0.150

0.179

LGB+SSO

0.525

0.525

0.525

0.745

0.587

0.666

0.960

0.960

0.960

0.216

0.153

0.184

0.890

0.890

0.890

0.359

0.267

0.313

0.968

0.968

0.968

0.194

0.140

0.167

LGB+WOA

0.539

0.539

0.539

0.734

0.592

0.663

0.960

0.960

0.960

0.215

0.156

0.186

0.891

0.891

0.891

0.357

0.260

0.308

0.965

0.965

0.965

0.201

0.144

0.173

XGB

0.480

0.480

0.480

0.780

0.606

0.693

0.960

0.960

0.960

0.216

0.158

0.187

0.858

0.858

0.858

0.407

0.291

0.349

0.955

0.955

0.955

0.230

0.162

0.196

XGB+GWO

0.519

0.519

0.519

0.750

0.600

0.675

0.966

0.966

0.966

0.198

0.147

0.172

0.901

0.901

0.901

0.341

0.243

0.292

0.962

0.962

0.962

0.212

0.153

0.182

XGB+SFO

0.511

0.511

0.511

0.756

0.598

0.677

0.965

0.965

0.965

0.203

0.149

0.176

0.879

0.879

0.879

0.377

0.277

0.327

0.960

0.960

0.960

0.216

0.154

0.185

XGB+SSO

0.452

0.452

0.452

0.800

0.616

0.708

0.965

0.965

0.965

0.201

0.146

0.174

0.859

0.859

0.859

0.406

0.290

0.348

0.962

0.962

0.962

0.210

0.145

0.178

XGB+WOA

0.608

0.608

0.608

0.677

0.524

0.600

0.967

0.967

0.967

0.196

0.145

0.170

0.899

0.899

0.899

0.344

0.245

0.295

0.968

0.968

0.968

0.192

0.136

0.164

CAT

0.512

0.512

0.512

0.756

0.598

0.677

0.965

0.965

0.965

0.203

0.149

0.176

0.868

0.868

0.868

0.393

0.281

0.337

0.964

0.964

0.964

0.204

0.141

0.172

CAT+GWO

0.523

0.523

0.523

0.747

0.593

0.670

0.968

0.968

0.968

0.195

0.147

0.171

0.869

0.869

0.869

0.391

0.282

0.337

0.961

0.961

0.961

0.214

0.151

0.183

CAT+SFO

0.490

0.490

0.490

0.772

0.610

0.691

0.967

0.967

0.967

0.196

0.151

0.173

0.877

0.877

0.877

0.379

0.278

0.329

0.961

0.961

0.961

0.212

0.152

0.182

CAT+SSO

0.498

0.498

0.498

0.766

0.614

0.690

0.965

0.965

0.965

0.202

0.152

0.177

0.852

0.852

0.852

0.416

0.292

0.354

0.963

0.963

0.963

0.209

0.152

0.181

CAT+WOA

0.568

0.568

0.568

0.711

0.573

0.642

0.965

0.965

0.965

0.201

0.154

0.178

0.889

0.889

0.889

0.360

0.266

0.313

0.949

0.949

0.949

0.244

0.175

0.210
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Table 5. The values of performance metrics obtained against each model under eight input combinations atthe study location Cooch Behar

Combination Ci: Combination Cz Combination Cs Combination Cs
R? |NSE| Gu¢ |[RMSE|MAE| E: R? |NSE| Gu |[RMSE|MAE| E: R? |NSE| Gu |[RMSE|MAE| E: R? |NSE| Gu |[RMSE|MAE| E:
GBM 0.314|0.314|0.314| 1.013 |0.746|0.879|0.415|0.415|0.415| 0.935 |0.696(0.816|0.722|0.722|0.722| 0.645 |0.471|0.558|0.874|0.874|0.874| 0.434 |0.257|0.346
GBM+GWO0|0.321{0.321|0.321| 1.007 |0.750|0.878|0.431|0.431|0.431| 0.922 |0.685|0.804|0.689|0.689|0.689| 0.682 |0.494|0.588|0.869|0.869|0.869| 0.442 |0.261|0.352
GBM+SFO |0.350(0.350{0.350| 0.986 |0.734|0.860|0.414/0.414|0.414| 0.936 |0.694|0.815|0.701|0.701|0.701| 0.669 |0.480|0.575|0.871|0.871|0.871| 0.439 |0.260|0.350
GBM+SS0 |0.341(0.341{0.341|0.992 |0.737|0.865|0.399|0.399|0.399| 0.948 |0.704|0.826|0.724|0.724|0.724| 0.642 |0.468|0.555|0.876|0.876|0.876| 0.430 |0.255|0.343

GBM+WOA|0.334|0.334|0.334| 0.997 |0.728|0.863|0.402|0.402|0.402| 0.945 |0.704|0.825|0.722|0.722|0.722| 0.644 |0.469|0.557|0.872(0.872(0.872| 0.438 |0.263|0.351

LGB 0.290|0.290|0.290| 1.030 |0.761|0.895|0.343|0.343|0.343| 0.991 |0.727|0.859|0.718|0.718|0.718| 0.650 |0.468|0.559|0.874|0.874|0.874| 0.433 |0.256|0.345

LGB+GWO |0.346|0.346|0.346| 0.989 |0.736|0.863|0.397|0.397|0.397| 0.950 |0.704(0.827|0.716]0.716|0.716| 0.651 |0.473|0.562|0.871|0.871|0.871| 0.439 |0.260|0.349
LGB+SFO [0.328|0.328|0.328| 1.002 |0.745|0.873|0.425|0.425|0.425| 0.927 |0.689(0.808(0.747|0.747|0.747| 0.614 |0.451|0.533|0.866|0.866|0.866| 0.447 |0.266|0.356
LGB+SSO |0.343]0.343]0.343] 0.991 |0.734|0.863|0.428|0.428|0.428| 0.925 |0.686|0.805|0.712|0.712|0.712| 0.656 |0.476|0.566|0.875|0.875|0.875| 0.433 |0.259|0.346

LGB+WOA |0.336|0.336|0.336| 0.996 |0.729|0.862|0.393|0.393|0.393| 0.952 |0.707|0.830|0.726|0.726|0.726| 0.640 |0.460|0.550|0.862|0.862|0.862| 0.454 |0.275|0.364

XGB 0.179|0.179|0.179| 1.108 |0.808|0.958|0.261|0.261|0.261| 1.051 |0.768|0.910|0.681|0.681|0.681| 0.691 |0.501|0.596|0.864|0.864|0.864| 0.451 |0.274|0.362

XGB+GWO0|0.338|0.338|0.338| 0.995 |0.736|0.865|0.407(0.407|0.407| 0.941 |0.698|0.820(0.736|0.736|0.736| 0.628 |0.461|0.545|0.874|0.874|0.874| 0.433 |0.258|0.346

XGB+SFO [0.320(0.320(0.320| 1.008 |0.745|0.877|0.383|0.383|0.383| 0.960 |0.705/0.833|0.716{0.716|0.716| 0.651 |0.477|0.564|0.876|0.876|0.876| 0.431 |0.253|0.342

XGB+SS0 |0.236|0.236(0.236| 1.069 [0.790(0.929|0.379|0.379|0.379| 0.963 |0.712|0.838|0.663|0.663|0.663| 0.710 |0.504(0.607|0.872|0.872|0.872| 0.438 |0.256|0.347

XGB+WOA [0.323|0.323|0.323| 1.006 |0.745|0.875|0.405|0.405|0.405| 0.943 |0.693|0.818|0.722|0.722|0.722| 0.645 |0.472|0.558]0.869|0.869|0.869| 0.442 |0.264|0.353

CAT 0.262|0.262|0.262| 1.050 |0.776|0.913|0.329|0.329|0.329| 1.002 (0.732|0.867|0.706|0.706|0.706| 0.663 |0.479|0.571|0.873|0.873|0.873| 0.435 |0.261|0.348

CAT+GWO |0.328]0.328(0.328| 1.002 |0.753|0.877|0.428|0.428|0.428| 0.925 |0.687|0.806|0.720|0.720(0.720| 0.647 |0.470|0.559|0.876|0.876|0.876| 0.431 |0.253|0.342
CAT+SFO |0.348|0.348]0.348| 0.987 |0.732|0.859|0.426|0.426|0.426| 0.926 |0.688|0.807|0.741|0.741|0.741| 0.622 |0.452|0.537|0.878|0.878|0.878| 0.426 |0.247|0.337
CAT+SSO |0.354|0.354|0.354|0.982 |0.730(0.856|0.427|0.427|0.427| 0.926 |0.690|0.808|0.738|0.738|0.738| 0.626 |0.459|0.543|0.874|0.874|0.874| 0.433 |0.256|0.344
CAT+WOA |0.346|0.346|0.346| 0.989 |0.746|0.868|0.392|0.392|0.392| 0.954 |0.709|0.831(0.717(0.717|0.717| 0.651 |0.478|0.564|0.877|0.877|0.877| 0.428 |0.250/0.339
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Combination Cs Combination Cs Combination C7 Combination Cs
R? |[NSE| Gu¢ |[RMSE|MAE| E: R? |NSE| Gu |[RMSE|MAE| E: R? |[NSE| Gu |[RMSE|MAE| E: R? |NSE| Gu |RMSE|MAE| E:
GBM  |0.828|0.828/0.828| 0.507 [0.383|0.445|0.919|0.919(0.919| 0.348 |0.189|0.269|0.878|0.878|0.878| 0.427 |0.245|0.336|0.928|0.928(0.928| 0.328 |0.159|0.243
GBM+GW0O|0.821]0.821|0.821| 0.517 |0.385|0.451|0.923|0.923|0.923| 0.339 |0.178|0.258|0.879|0.879|0.879| 0.426 |0.246|0.336|0.953|0.953|0.953| 0.265 (0.130|0.198
GBM+SFO (0.810(0.810|0.810| 0.533|0.398(0.466|0.937|0.937|0.937| 0.307 |0.174|0.240|0.879|0.879|0.879| 0.425 |0.240|0.332|0.953|0.953|0.953| 0.266 |0.136|0.201
GBM+SSO |0.818|0.818|0.818| 0.521 |0.390|0.455(0.914|0.914/0.914| 0.358 |0.191|0.275|0.877|0.877|0.877| 0.429 |0.250(0.339|0.950{0.950|0.950| 0.275 |0.133|0.204
GBM+WOA|0.822|0.822|0.822| 0.515 |0.389|0.452|0.934(0.934|0.934| 0.314 |0.181{0.247/0.881|0.881|0.881| 0.422 |0.242|0.332|0.958(0.958|0.958| 0.251 (0.129|0.190

LGB 0.794|0.794|0.794| 0.555 |0.406|0.480(0.910(0.910(0.910| 0.367 {0.191|0.279|0.882|0.882|0.882| 0.420 {0.238|0.329|0.925|0.925|0.925| 0.335 |0.153|0.244

LGB+GW0O|0.821|0.821|0.821| 0.517 [0.379|0.448|0.926|0.926|0.926| 0.332|0.176|0.254|0.883|0.883|0.883| 0.419 |0.246|0.332|0.944|0.944|0.944| 0.289 |0.140|0.215

LGB+SFO [0.828|0.828|0.828| 0.507 |0.377|0.442|0.925|0.925|0.925| 0.335 |0.179{0.257|0.882|0.882|0.882| 0.420 |0.243|0.332|0.941|0.941|0.941| 0.297 |0.136/0.217

LGB+SSO0O |0.822(0.822|0.822| 0.515 |0.386|0.451|0.920|0.920{0.920| 0.346 |0.179|0.263|0.881|0.881|0.881| 0.423 |0.246|0.334|0.941|0.941|0.941| 0.298 |0.143|0.220

LGB+WOA |0.815|0.815|0.815| 0.525 |0.389|0.457|0.924/0.924|0.924| 0.336 |0.178|0.257|0.882|0.882|0.882| 0.420 |0.241|0.330|0.938|0.938|0.938| 0.305 |0.141|0.223

XGB 0.767|0.767|0.767| 0.591 |0.435|0.513|0.912|0.912|0.912| 0.362 |0.191|0.276|0.876|0.876|0.876| 0.430 |0.247|0.339|0.927|0.927|0.927| 0.331 |0.158|0.244

XGB+GWO0|0.826|0.826|0.826| 0.510 [0.384(0.447|0.920(0.920|0.920| 0.345 |0.185|0.265|0.882|0.882|0.882| 0.420 |0.237|0.329|0.955|0.955|0.955| 0.258 |0.129|0.193

XGB+SFO |0.823|0.823|0.823| 0.515 |0.380|0.447|0.922|0.922|0.922| 0.341 |0.180{0.260(0.876{0.876|0.876| 0.431 |0.254|0.342|0.936|0.936|0.936| 0.309 |0.147|0.228

XGB+SSO0 |0.785|0.785|0.785| 0.567 [0.421(0.494/0.912|0.912|0.912| 0.363 |0.190|0.276|0.880|0.880|0.880| 0.423 |0.241|0.332|0.953|0.953|0.953| 0.264 |0.134|0.199

XGB+WOA |0.807(0.807|0.807| 0.537 |0.393|0.465|0.928|0.928|0.928| 0.329 [0.179|0.254|0.880|0.880|0.880| 0.423 |0.243|0.333]0.955|0.955|0.955| 0.259 |0.138|0.198

CAT 0.814|0.814|0.814|0.527 |0.396|0.462|0.931/0.931|0.931| 0.321 {0.179|0.250|0.882|0.882|0.882| 0.419 |0.239|0.329|0.943|0.943|0.943| 0.292 |0.132|0.212

CAT+GWO |0.840|0.840(0.840| 0.489 |0.367|0.428|0.921]0.921|0.921| 0.344 |0.176|0.260|0.886|0.886|0.886| 0.412 |0.237|0.325/0.946|0.946|0.946| 0.284 |0.132|0.208

CAT+SFO |0.833|0.833]0.833| 0.499 |0.381|0.440|0.928|0.928|0.928| 0.329 |0.175|0.252|0.882|0.882|0.882| 0.421 |0.246|0.333|0.960|0.960|0.960| 0.245 |0.133|0.189

CAT+SSO [0.835|0.835|0.835| 0.497 |0.383|0.440|0.924(0.924|0.924| 0.337 |0.178|0.257|0.882|0.882(0.882| 0.420 |0.245|0.333|0.943|0.943|0.943| 0.291 |0.136|0.213

CAT+WOA |0.843]0.843|0.843| 0.485 |0.367|0.426|0.936|0.936|0.936| 0.308 |0.172|0.240{0.886|0.886|0.886| 0.413 |0.234|0.323|0.954|0.954|0.954| 0.262 |0.139/0.200
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Table 6. The values of performance metrics obtained against each model under eight input combinationsthe at study location Malda

Combination Ci Combination Cz Combination Cs Combination Ca
R? |[NSE| Gu¢ |[RMSE|MAE| E: R? |NSE| Gu |[RMSE|MAE| E: R? |[NSE| Gu |[RMSE|MAE| E: R? |NSE| Gu |RMSE|MAE| E:
GBM  |0.597|0.597|0.597| 0.697 |0.565|0.631|0.610|0.611|0.610| 0.686 |0.551|0.618|0.753|0.753|0.753| 0.546 |0.419|0.482|0.966|0.966(0.966| 0.201 |0.153|0.177
GBM+GW0|0.578|0.578|0.578| 0.714 |0.579|0.647|0.603|0.603|0.603| 0.692 (0.552|0.622|0.751|0.751|0.751| 0.548 |0.421|0.485|0.969(0.969|0.969| 0.195 |0.146(0.170
GBM+SFO [0.579|0.579|0.579| 0.712 |0.582|0.647|0.614/0.614|0.614| 0.682 |0.549|0.616|0.759|0.759|0.759| 0.539 |0.416|0.477|0.966|0.966|0.966| 0.202 |0.152|0.177

GBM+SSO0 [0.477(0.477|0.477|0.795 |0.638|0.717|0.610|0.610|0.610| 0.686 |0.549|0.618|0.759|0.759|0.759| 0.539 |0.411|0.475|0.966|0.966|0.966| 0.202 |0.153|0.178

GBM+WOA|0.564|0.564|0.564| 0.725 |0.589|0.657|0.594/0.594/0.594| 0.700 (0.559|0.629|0.745|0.745|0.745| 0.555 |0.429|0.492|0.964|0.964/0.964| 0.209 |0.154/|0.182

LGB 0.595|0.595|0.595| 0.699 [0.559|0.629|0.585|0.585|0.585| 0.707 |0.560(0.634|0.722|0.722|0.722| 0.579 |0.441|0.510(0.961|0.961/0.961| 0.218 |0.167|0.192

LGB+GWO |0.595|0.595|0.595| 0.699 |0.566|0.633|0.622|0.622|0.622| 0.676 |0.540|0.608|0.757(0.757|0.757| 0.541 |0.419|0.480|0.967|0.967(0.967| 0.199 |0.152|0.176

LGB+SFO [0.607|0.607|0.607| 0.688 |0.554|0.621|0.545|0.545|0.545| 0.741 |0.601/0.671|0.757|0.757|0.757| 0.541 |0.419|0.480|0.964|0.964|0.964| 0.207 |0.160|0.184

LGB+SSO |0.605|0.605|0.605| 0.690 |0.556|0.623|0.625|0.625|0.625| 0.673 |0.541|0.607|0.721|0.721|0.721| 0.580 |0.449(0.514|0.966|0.966|0.966| 0.202 |0.153|0.177

LGB+WOA |0.573|0.573|0.573| 0.718 |0.583|0.651|0.603|0.603|0.603| 0.692 |0.558|0.625|0.755|0.755|0.755| 0.543 |0.419|0.481|0.962|0.962|0.962( 0.213 |0.162|0.187

XGB 0.542|0.542|0.542| 0.743 |0.598|0.671|0.505|0.505|0.505| 0.773 |0.613|0.693|0.653|0.653|0.653| 0.647 |0.494|0.570{0.959|0.959|0.959| 0.223 |0.172|0.198
XGB+GWO0|0.608|0.608/0.608| 0.688 |0.549|0.619(0.591|0.591|0.591| 0.703 |0.566|0.635|0.759(0.759|0.759| 0.539 |0.414/0.477|0.966|0.966|0.966| 0.201 |0.154|0.178
XGB+SFO |0.598(0.598|0.598| 0.696 |0.558|0.627|0.615|0.615|0.615| 0.682 |0.546|0.614|0.696|0.696|0.696| 0.605 |0.465|0.535|0.967|0.967|0.967| 0.200 [0.152|0.176

XGB+SSO0 |0.605|0.605|0.605| 0.690 [0.557|0.624|0.600|0.600|0.600| 0.694 |0.553|0.624|0.717|0.717|0.717| 0.584 |0.448|0.516|0.963|0.963|0.963| 0.211 |{0.159|0.185
XGB+WOA |0.603|0.603|0.603| 0.692 |0.542|0.617|0.607|0.607|0.607| 0.689 |0.537|0.613|0.768|0.768|0.768| 0.529 |0.407|0.468|0.960|0.960|0.960| 0.219 (0.169|0.194
CAT 0.566|0.566|0.566| 0.724 {0.582|0.653]0.565|0.565|0.565| 0.725 |0.574(0.649|0.712|0.712|0.712| 0.589 |0.454|0.522(0.965|0.965|0.965| 0.206 |0.156|0.181

CAT+GWO |0.603|0.603|0.603| 0.692 |0.560|0.626|0.609|0.609|0.609| 0.687 |0.548|0.617|0.764|0.764|0.764| 0.534 |0.414|0.474/0.965|0.965|0.965| 0.205 |0.154/|0.180

CAT+SFO |0.598|0.598]0.598| 0.696 |0.563|0.630|0.621|0.621|0.621| 0.676 |0.540|0.608|0.760|0.760|0.760| 0.538 |0.412(0.475|0.969|0.969|0.969| 0.194 |0.150|0.172

CAT+SSO |0.605|0.605|0.605|0.691 |0.561|0.626|0.624|0.624]0.624| 0.673 |0.537|0.605|0.759|0.759|0.759| 0.539 |0.415|0.477{0.970{0.970|0.970| 0.192 |0.149|0.170

CAT+WOA |0.605|0.605|0.605| 0.690 |0.555|0.623|0.602|0.602|0.602| 0.693 |0.554/0.623|0.760(0.760(0.760| 0.538 |0.412|0.475|0.967|0.967|0.967| 0.200 |0.152/0.176
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Combination Cs Combination Cs Combination C7 Combination Cs
R? |[NSE| Gu¢ |[RMSE|MAE| E: R? |NSE| Gu |[RMSE|MAE| E: R? |[NSE| Gu |[RMSE|MAE| E: R? |NSE| Gu |RMSE|MAE| E:
GBM  |0.762|0.762|0.762| 0.536 [0.420|0.478|0.958|0.958|0.958| 0.224 |0.176|0.200|0.969|0.969|0.969| 0.195 |0.145|0.170|0.963|0.963(0.963| 0.212 |0.168|0.190
GBM+GWO|0.746|0.746|0.746| 0.554 |0.441|0.498|0.956|0.956|0.956| 0.230 |0.183|0.206|0.969|0.969|0.969| 0.194 |0.147]0.171|0.964|0.964|0.964| 0.208 |0.164|0.186

GBM+SFO (0.672|0.672|0.672| 0.629 |0.508{0.569|0.957|0.957|0.957| 0.227 |0.179|0.203|0.963|0.963|0.963| 0.211 {0.152|0.181|0.967{0.967|0.967| 0.200 |0.157|0.179
GBM+SSO0 (0.726|0.726|0.726| 0.575 {0.449|0.512|0.955|0.955|0.955| 0.234 |0.186|0.210|0.965|0.965|0.965| 0.204 |0.153|0.179(0.967|0.967|0.967| 0.201 {0.158|0.179
GBM+WOA|0.750|0.750|0.750| 0.549 |0.434|0.492|0.959|0.959|0.959| 0.222 (0.176|0.199|0.970|0.970|0.970| 0.189 |0.139|0.164/0.964|0.964/0.964| 0.208 |0.165|0.187

LGB 0.742|0.742|0.742| 0.558 |0.438|0.498|0.955|0.955|0.955| 0.233 |0.181|0.207|0.962|0.962|0.962| 0.215 |0.160|0.188]0.962|0.962|0.962| 0.215 |0.167|0.191

LGB+GWO|0.744|0.744|0.744| 0.556 [0.441|0.498|0.958|0.958|0.958| 0.226 |0.177|0.202|0.969|0.969|0.969| 0.193 |0.141(0.167|0.962|0.962|0.962| 0.214 |0.167|0.191

LGB+SFO [0.755|0.755|0.755| 0.544|0.430|0.487|0.957|0.957|0.957| 0.228 |0.177{0.202(0.970{0.970(0.970| 0.190 |0.140|0.165|0.968|0.968|0.968| 0.197 |0.153|0.175

LGB+SSO |0.749|0.749|0.749| 0.550 |0.439(0.494|0.954|0.954|0.954| 0.235 |0.183|0.209|0.969|0.969|0.969| 0.194 |0.146|0.170|0.967|0.967|0.967| 0.201 |0.157|0.179

LGB+WOA |0.754|0.754|0.754| 0.545 |0.434|0.489|0.955|0.955|0.955| 0.234 |0.182|0.208|0.970|0.970|0.970| 0.191 |0.144|0.167|0.968|0.968|0.968| 0.197 |0.153|0.175

XGB 0.691|0.691|0.691| 0.610 |0.485|0.547|0.954/0.954|0.954| 0.235 |0.179|0.207|0.954|0.954|0.954| 0.237 |0.180|0.208{0.958|0.958|0.958| 0.224 |0.169|0.196

XGB+GWO|0.747|0.747|0.747| 0.552 |0.438|0.495|0.958|0.958|0.958| 0.225 |0.180|0.202|0.967|0.967|0.967| 0.200 [0.146(0.173|0.968|0.968|0.968| 0.198 |0.154|0.176

XGB+SFO |0.758|0.758|0.758| 0.540 |0.430|0.485|0.957|0.957|0.957| 0.227 |0.179|0.203|0.962(0.962(0.962| 0.214 |0.159|0.187|0.963|0.963|0.963| 0.212 |0.165|0.189

XGB+SSO0 |0.746|0.746|0.746| 0.553 [0.438|0.495|0.953|0.953|0.953| 0.238 |0.186|0.212|0.967|0.967|0.967| 0.201 |0.150(0.175|0.959|0.959|0.959| 0.223 |0.169|0.196

XGB+WOA |0.740(0.740|0.740] 0.560 |0.438|0.499|0.960|0.960|0.960| 0.221 |0.174|0.197|0.971|0.971|0.971| 0.188 |0.141|0.165|0.965|0.965|0.965| 0.206 (0.162|0.184

CAT 0.727|0.727|0.727| 0.574 |0.459|0.517|0.957|0.957|0.957| 0.228 |0.179|0.203|0.966|0.966|0.966| 0.202 |0.152|0.177{0.965|0.965|0.965| 0.204 |0.160|0.182

CAT+GWO |0.755|0.755|0.755| 0.544 |0.426|0.485|0.958|0.958|0.958| 0.226 (0.179|0.203|0.971|0.971|0.971| 0.186 |0.137|0.162|0.970{0.970{0.970| 0.191 |0.151|0.171

CAT+SFO |0.756|0.756|0.756| 0.543 |0.428|0.486|0.953|0.953|0.953| 0.239 |0.193|0.216|0.972|0.972|0.972| 0.183 |0.138|0.160|0.966|0.966|0.966| 0.201 |0.159|0.180
CAT+SSO |0.745|0.745|0.745| 0.555|0.435|0.495|0.962|0.962|0.962| 0.214 (0.171|0.193|0.973|0.973|0.973] 0.180 |0.135|0.158]0.968|0.968|0.968| 0.197 |0.155|0.176
CAT+WOA [0.768]0.768|0.768| 0.529 |0.415|0.472|0.956|0.956|0.956| 0.231 |0.183]0.207{0.973|0.973|0.973| 0.180 |0.134|0.157|0.966|0.966|0.966| 0.202 |0.168|0.185
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The performance of each learner was evaluated
in terms of goodness metric (Gq) and error metric (Er), as
defined in equations 7 and 8. The standard values ETopwm
obtained using the FAO-56PM method (equation 2) were
considered as the reference values of ETo. The empirical
results are presented in Tables 4 to 6.

3.1 Impact of Coupling of Optimizers on the
Performance of the Ensemble Learners

The impact of the coupling of the four SlI
optimizers on each of the four primary learners was
studied at three locations. A comparative analysis was
conducted between the average performance of the
primary learners and their four optimized variants
(learner-optimizer pairs) over eight input combinations
(C1 to Cs). To study the overall performance of each
learner, the average values (Gayg) of goodness metric Gq
and the average values (Eavg) Of error metric E, obtained
against eight input combinations at each study location
were considered as comparison criteria. These two
average values are defined as:

Gavg=3 &1 Gy 9)

E 18 E,

avg = g &i=1

(10)

For the study ,location Jalpaiguri, the GBM
coupled with WOA optimizer (GBM+WOA) performed
better (with Gayg = 0.692 and Eag = 0.478) than the
primary learner (with Gayg = 0.687 and Eayg = 0.483) as
illustrated in Figure 3(a). The other optimized versions of
GBM were comparatively less performing (with Gayg
ranging from 0.668 to 0.682 and Eayg ranging from 0.483
to 0.493), respectively and all of the optimized versions
of the LGB learner outperformed the primary learner, as
shown in Figure 3(b). The LGB learner coupled with the
WOA optimizer (LGB+WOA) revealed the best
performance among the four optimized versions of the
LGB learner. Figures. 3(c) and 3(d) illustrate that all the
optimized versions of XGB and CAT performed better
than their respective primary learner. When XGB was
optimized with WOA (XGB+WOA), it produced the best
result (with Gayg = 0.721 and Eayy = 0.455) among the
other versions of XGB. A similar effect was observed in
the case of CAT when optimized with WOA (CAT+WOA)
(with Gayg = 0.685 and Eayg = 0.486).

Figures 4(a-d) depict that for the study location
Cooch Behar, all the optimized versions of GBM
outperformed their respective primary learners in terms
of Gay and Eayg. The GBM optimized with WOA
(GBM+WOA) exhibited the best performance (with Gayg
= 0.741 and Eay = 0.477) compared to the other
versions, as shown in Figure 4(a). The GBM+SFO
learner also showed a nearly equal performance (with
Gavg = 0.739 and Eayg = 0.480). Figure 4(b) depicts that
the (LGB+SFO) learner performed best (with Gayg =

0.743 and Eaygy = 0.477) among the other versions of
LGB. When XGB was coupled with the GWO optimizer
(XGB+GWO), the Ilearner produced the best
performance (with Gayg = 0.742 and Eayg = 0.476), as
shown in Figure 4(c). Figure 4(d) illustrates that the CAT
learner optimized with SFO outperformed the other
versions in terms of Gayg and Eayg (With Gayg = 0.750 and
Eavg = 0.469). This observation is very similar to that of
the LGB.

For the study location Malda, as an exception,
the GBM primary learner (with Gayg = 0.822 and Eayg =
0.360) outperformed its other optimized versions with
(Gavg ranging from 0.803 to 0.817 and Eayg ranging from
0.365 to 0.374), as projected in Figure. 5(a). Figure 5(b)
depicts that all the optimized versions of LGB dominated
the primary learner LGB (with Gayg = 0.810 and Eayg =
0.372). The LGB coupled with GWO (LGB+GWO) was
the best performer (Gayg = 0.822 and Eayg = 0.361).
Figure 5(c) shows that the primary learner XGB coupled
with whale optimizer (XGB+WOA) produced superior
results (with Gayg = 0.822 and Eayg = 0.358) than the
primary learner (with Gayg = 0.777 and Eayg = 0.402).
Compared to the other optimized versions, the CAT
performed worse in terms of Gayg (= 0.803) and Eayy (=
0.377). This observation similar identical to those
obtained for the other two locations. Figure 5 (d) depicts
that the CAT+SSO is the best learner for Malda (with
Gavg = 0.826 and Eag = 0.354).

3.2 Selection of the Best Learner-Optimizer Pair
in the Data Limited Scenario

Table 4 depicts that at the study location,
Jalpaiguri, the performances of all the learners were not
remarkable enough against the input combination Ci,
Caz, Cs, and Cs. The XGB+WOA learner was the most
appropriate for the input combinations Ci1, Cs3, and Cs
(with Gq4 ranging from 0.418 to 0.608 and E, ranging from
0.600 to 0.751). For input combinations C2 and Cs, the
GBM+WOA  hybrid learner achieved optimal
performance, yielding the highest accuracy scores with
(Gq = 0.511, E; = 0.680) and (Gq = 0.974, E, = 0.152),
respectively. The XGB+GWO model exhibited the best
performance for the input combinations C4 and C7. The
experimental results from C4 and C7 demonstrated Gg
values within the interval of 0.901 to 0.910 and E; values
within the range of 0.281 to 0.292. It may be noted that
the GBM+SFO hybrid model exhibited superior
performance for input combination Ce, achieving optimal
Gq =0.969 and E; = 0.167.

It is exposed from Table 5 that at the study
location Cooch Behar, the performances of all the
learners were not satisfactory against the input
combination C:. However, the CAT+SSO model was the
best choice among all the learners, with G4 = 0.354 and
Er = 0.856. For input combination C2, the GBM+GWO
learner revealed relatively better performance with Gq =
0.431 and E;= 0.804.
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Figure 3. Gay and Eayg values of (a) GBM, (b) LGB, (c) XGB, and (d) CAT primary learners, along with their
optimized variants for Jalpaiguri. The bar charts indicate that all the primary learners exhibit relatively good
performance. Though in some instances optimized learners perform better, in other cases they exhibit poorer

results than the primary learners. It is clear from the bar charts that the effectiveness of optimized learners depends

0.800

0.700

0.600

0.500

0.400

0.300

0.200

0.100

0.000

0.800

0.700

0.600

0.500

0.400

0.300

0.200

0.100

0.000

0.735

0.487

GBM

0.683

0.525

XGB

0.736 0.739
|0 483 ‘O 480
GBM+GWO GBM+SFO
B Gavg ©Eavg

0.742 0.732
|0 476 ‘0 487
XGB+GWO XGB+SFO

mGavg " Eavg

heavily on the specific optimizer used.

0.737 0.741
‘04:3 ‘0477
GBM+SSO  GBM+WOA

0710 0.736
|0503 ‘04:2
XGB+SS0  XGB+WOA

a

C

0.800

0.700

0.600

0.500

0.400

0.300

0.200

0.100

0.000

0.800

0.700

0.600

0.500

0.400

0.300

0.200

0.100

0.000

0.717

0.499

LGB

0.718

0.494

CAT

0.738 0.743
|04!1 ‘0477
LGB+GWO LGB+SFO
mGavg " Eavg

0.743 0.750
|0476 ‘1469
CAT+GWO CAT+SFO
mGavg ©Eavg

0.740

0.481

LGB+SSO

0.747

0.474

CAT+SSO

0.735

0.484

LGB+WOA

0.744

0.474

CAT+WOA

Figure 4. Gay and Eayg values of (a) GBM, (b) LGB, (c) XGB, and (d) CAT primary learners, along with their
optimized variants for Cooch Behar. The bar charts depict that all the primary learners exhibit relatively poor
accuracy than the optimized learners
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Figure 5. Gayg and Eayg values of (a) GBM, (b) LGB, (c) XGB, and (d) CAT primary learners, along with their
optimized variants for Malda. The CAT+SSO model achieved the highest Gayg value (=0.826), while all the
optimized versions of the GBM model underperform than the primary learner GBM, showing that optimization
effectiveness varies from learner to learner.

The LGB+SFO Ilearner was the most
appropriate for the input combination Cz with Gq= 0.747
and E;=0.533. The CAT+SFO learner exhibited the best
performance against the combinations C4 and Cs, both
in terms of the highest values of G4 (ranging from 0.878
t0 0.960 and hed lowest values of E; (ranging from 0.337
to 0.189). For input combinations Cs, Cs, and Cv, the
hybrid models XGB-GWO, GBM-SFO, and CAT-GWO
demonstrated superior performance compared to
alternative learners, achieving Gq values between 0.826
and 0.937 and E, values ranging from 0.240 to 0.447.

The performances of all the learners were not
appreciable against the input combination C1 at Malda.
Table 6 illustrates that the XGB+GWO learner was the
best choice for input combination C1 (Gg= 0.608 and E,
= 0.619). For input combination Cz, the performance of
LGB+SSO was almost equal to that of the CAT+SSO
learner with (Gg= 0.625 and E;= 0.607) and (Gq4= 0.624
and E;, = 0.605), respectively. From Table 6, it is
observed that the XGB+WOA model exhibited the best
performance for input combination Cs, having G4=0.768
and E; = 0.468. For the input combinations Cs4 and Ce,
the CAT+SSO learner outperformed the other versions,
with (G4 ranging from 0.962 to 0.970 and E, ranging from
0.170 to 0.193). One of the optimized versions of the
CAT learner (CAT+WOA), was the most appropriate
learner for the input combinations Cs and C7, while the

other version of CAT, CAT+GWO) learner, was the best
performer for input combination Cs w,ith (Gq= 0.970 and
r=0.171).

Table 7 presents the empirical performance
metrics (Gq and E;) for model selection across different
input combinations at the three study locations. It is
inferred from Table 7 that no single learner can be the
best one for all the input combinations irrespective of the
study locations; instead, the best learner should be
chosen based on the location and available input
combinations.

3.3 Impact of Different Input Combinations on
Estimation Accuracy of ETo

The values of ETo, were estimated against
different input combinations at three study locations in
terms of the selected best-performing learner. For each
input combination, the estimated values of ET, are
scatter plotted against the standard reference values of
ETorm Obtained using the FAO-56PM method (equation
2). Figures 6 through 8 present scatter plots comparing
the performance across eight input combinations (C1 to
Cs) for the three study locations: Jalpaiguri, Cooch
Behar, and Malda, respectively. From the scatter plots
presented in Figures 6(a), 7(a), and 8(a), it is evident that
input combination Ci consisting of only two parameters
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Tmin @and Tmax produced the worst results (with R ranging  from 0.619 to 0.730) at three locations and should not be
from 0.354 to 0.608, NSE ranging from 0.354 to 0.608, considered for ET, estimation.
RMSE ranging from 0.688 to 0.982 and, MAE ranging

Estimated ETp(mm/day)
Estimated ETg{mmyday)

ETgpu(mmyday) ETgem(mmyday})
(a) Cl = {Tmin, Tmax} (b) C2 = {Tmin, Tmax, WS}

Gy =0.528

Estimated ETp(mm/day)
Estimated ETo(mmy/day)

ETgem(mm/day)

(€) C5= (T Tome Rl () Ca = {Tmin, Tnax S}

Gy =0.608

Estimated ETp(mm/day)
Estimated ETg(mm/day)

B 0 2 1 3 8

ETgpuimm/day) ETgpu(mmyday)
(e) Cs= {Tmin, Tmax, Ws, Rh} (f) Ce = {Tmin, Tmax. Ws, Sr}

Estimated ETg{mm/day)
Estimated ETg(mmy/day)

0 2 a 3 8

ETopm(mmyday) ETgpm(mmy/day)
(g) Cr= {Tmin, Tmax, R, Sr} (h) Cs= {Tmin, Tmax, Ws, Rn, Sr}

Figure 6. Scatter plots for eight combinations of inputs for Jalpaiguri. According to e scatter plots, the estimated
ETo from the input combinations C4, Ce, and Cg is comparatively accurate, indicating these input combinations are
suitable for estimating ETo at Jalpaiguri.
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Figure 7. Scatter plots for eight combinations of inputs for Cooch Behar. The scatter plot analysis of g. 7., indicates
that the estimated ETo using the input combinations Cs, C7, and demonstrate higher accuracy in scenarios with
limited data for Cooch Behar.
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Figure 8. Scatter plots for eight combinations of inputs for Malda. The scatter plot analysis of Fire 8., indicates that
the estimated ETo using the input combinations Ca4, C7, and demonstrate higher predictive accuracy at Malda.
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Table 7. Best models for each of the input combinations at three study locations

Input Combinations Best Model Gd E:
C1 XGB+WOA 0.418 0.751
_ Cz GBM+WOA 0.511 0.680
5 Cs XGB+WOA 0.528 0.659
= Ca XGB+GWO 0.910 0.281
[ Cs XGB+WOA 0.608 0.600
Co GBM+SFO 0.969 0.167
Cs XGB+GWO 0.901 0.292
Cs GBM+WOA 0.974 0.152
C1 CAT+SSO 0.354 0.856
a Ce GBM+GWO 0.431 0.804
2 Cs LGB+SFO 0.747 0.533
5 Ca CAT+SFO 0.878 0.247
8 Cs XGB+GWO 0.826 0.447
© Co GBM+SFO 0.937 0.240
Cs CAT+GWO 0.886 0.325
Cs CAT+SFO 0.960 0.133
C1 XGB+GWO 0.608 0.619
Cz LGB+SSO 0.625 0.607
Cs XGB+WOA 0.768 0.468
o Ca CAT+SSO 0.970 0.149
< Cs CAT+WOA 0.768 0.472
= Cs CAT+SSO 0.962 0.193
Cs CAT+WOA 0.973 0.157
Cs CAT+GWO 0.970 0.171

For the study location Malda, as an exception,
the GBM primary learner (with Gayg = 0.822 and Eayg =
0.360) outperformed its other optimized versions with
(Gavg ranging from 0.803 to 0.817 and Eavg ranging from
0.365 to 0.374), as projected in Figure 5(a). Figure 5(b)
depicts that all the optimized versions of LGB dominated
the primary learner LGB (with Gayg = 0.810 and Eayg =
0.372). The LGB coupled with GWO (LGB+GWO) was
the best performer (Gay = 0.822 and Eayg = 0.361).
Figure 5(c) shows that the XGB primary learner coupled
with whale optimizer (XGB+WOA) produced superior
results (with Gayg = 0.822 and Eag = 0.358) than the
primary learner (with Gayg = 0.777 and Eayg = 0.402).
Compared to the other optimized versions, the CAT
primary learner performed worse in terms of Gayg (=
0.803) and Eayg (= 0.377). This observation is very
identical to those obtained for the other two locations.
Figure 5 (d) depicts that the CAT+SSO is the best
learner for Malda (with Gayg = 0.826 and Eayg = 0.354).

A minor change in estimation accuracy was
observed when wind speed (Ws) was incorporated with
Tmin @nd Tmax in input combination Cz, the estimation
accuracy somewhat improved (with R? ranging from
0.431to 0.625, NSE ranging from 0.431 to 0.625, RMSE
ranging from 0.673 to 0.922 and, MAE ranging from
0.541 to 0.685). However, when the Ws in Cuwereas
replaced with the fourth parameter relative humidity (Rn),

that is, combination Cs, a further improvement of the
estimation accuracy was observed (with R? ranging from
0.528 to 0.768, NSE ranging from 0.528 to 0.768, RMSE
ranging from 0.529 to 0.743 and, MAE ranging from
0.407 to 0.574).

When the fifth input parameter, solar radiation
(Sr), was considered along with Tmn and Tmax
(combination Ca), the estimation accuracy was improved
significantly (with R? ranging from 0.878 to 0.970, NSE
ranging from 0.878 to 0.970, RMSE ranging from 0.192
to 0.426 and, MAE ranging from 0.149 to 0.247).

An addition of another parameter, either Ws or
Rn, with combination C4 (i.e., combinations Ce and C-)
did not project any further improvement of estimation
accuracy over Ca (with R? ranging from 0.886 to 0.973,
NSE ranging from 0.886 to 0.973, RMSE ranging from
0.180 to 0.412 and, MAE ranging from 0.134 to 0.237).

When all the five parameters were available
(combination Cs) the highest estimation accuracy was
achieved at Jalpaiguri and Cooch Behar (with R? ranging
from 0.925 to 0.974, NSE ranging from 0.925 to 0.974,
RMSE ranging from 0.175 to 0.335 and, MAE ranging
from 0.129 to 0.159). However, as an exception, the
input combination C7 (Figure. 8(g)) provides the most
accurate estimation at Malda.

Int. Res. J. Multidiscip. Technovation, 7(6) (2025) 1-26 | 21



Vol 7 Iss 6 Year 2025

Gouravmoy Banerjee etal, /2025

Another interesting observation is that if the
input parameter solar radiation (S;) was not available
along with the other four input parameters (combination
Cs), the estimation accuracy dropped significantly (with
R2 ranging from 0.608 to 0.826, NSE ranging from 0.608
to 0.826, RMSE ranging from 0.510 to 0.677 and, MAE
ranging from 0.384 to 0.524). It is evident from the
experimental results that the input parameter solar
radiation (S;) plays a significant role in the estimation of
ETo in the North Bengal region of India.

Although the input combination Cs (C7 in the
case of Malda) provides the highest estimation accuracy
of ETo, the combinations Ca, Cs, and C7 can also be used
for an acceptable accuracy when the complete set of
parameters are unavailable, or some input data are
missing.

4. Conclusion

Different ET, estimation models are required for
different location-specific data-limited scenarios. This
work suggests a novel architecture for designing an
advanced unified model for the precise estimation of ETg
irrespective of the locations and the available
meteorological data. The model was designed using an
assembly of the most promising learner-optimizer pairs.
As the best-performing learner-optimizer pair is
automatically selected from an assembly of learners
based on their comparative performances, the
estimation of ETo, with highest precision is always
guaranteed. The soil scientists become free from the
burden of designing a custom-made model on their own
through time-consuming trial-and-error methods. For
ETo, no universal model has been suggested so far. This
work provides an elegant solution to this problem by
suggesting a general model for ET, estimation in diverse
data-limited climatic regions without any further
customization.

To achieve the goal of better accuracy, the
primary learners and their optimized versions were
compared under limited and full dataset conditions. It
was found that in most cases, the optimized versions
had an encouraging effect on performance. The goal of
boosting the accuracy of primary learners using
hyperparameter optimization was attained in 92% of
cases.

Our future attempt is to deploy the proposed
model in a cloud-based platform for estimating ETo using
region-specific meteorological data for better irrigation
scheduling. This proposed system will be highly
beneficial for irrigation related decision making by the
farmers of water- stressed areas.
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