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This study evaluates critical submergence depth (Sc) in horizomtallani intakes using a dataset
compiled from two controlled laboratory experiments conducted under varying hydraulic and geometric
configurations. A total oB24 experimental measurements were obtained across two intelence
scenarios: (i) zero bottormlearance (C = 0) and (ii) partial elevation (C = d_i/2). The dataset included
four primary input variabled intake diameter, approach flow velocity, Froude number, and bottom
clearance rati@ which were used as predictors of the dimensionless submergeptie @o enhance
predictive accuracy, an automated machiearning framework was developed using Gradient Boosting
(GB) and Extreme Gradient Boosting (XGB), combined with five -hraiastic optimizers: Artificial
Hummingbird Algorithm (AHA), Victoria Amaanica Optimization (VAO), Turbulent Flow of Water
based Optimization (TFWOQO), Smell Agent Optimization (SAQO), and Tasmania Devil Optimizer (TDO).
Model training used a 70/30 traitest split, with 1€fold crossvalidation applied exclusively to the
training portion for hyperparameter tuning. A custom empirical adjustment equation was incorporated to
further enhance physical consistency and model stability. Performance evaluation based on the
independent test set showed that Vé&anced models provided thighest predictive accuracy. The
XGVO model achieved R? = 0.993 and RMSE = 0.082 for the C = 0 configuration, while the GBVA model
achieved Rz = 0.993 and RMSE = 0.118 for the C = d_i/2 case. These findings demonstrate that hybrid
ensemble techniques caliably estimate Sc across varying hydraulic scenarios and outperform standard
boosting algorithms.
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1 Introduction the critical §ph¢rical sink surface (C_SSS). Criti_cal

) . ) _submergence’Y) is the term used to describe the vertical
Intake systems are widely applied in hydrauliGpace petween thespermost level of an intake and where
engineering applications for vaus purposes, including ihe free water surface level intersects the Rankine [agel.
flood control mechanisms, irrigation systems, hydra”“ﬁisplays the trait length scale at which primary air
pumps, and other water diversion requiremefii2].  gnirainments commence to form within the fluid flow and
These devices convey water from primary storage geemed equivalent to the radius of tH&SS[9].
facilities, such as rivers, lakes, and dam reservoirs, 10 an effective technique frequently employed to
additional locabns|[3]. The generation of air entrainmentmitigate the development of air entrainment entails
and the associated air cone vortex are significant conceli§aplishing an appropriate distance of submergence
in hydraulic flow through intakes. A decrease in the watefyqe the intake. This approach dictates that the value of
level above the pipe intake is commonly observed in thifie resultant submergence (S) sloslrpass that of the
phenomenor4,5]. Air entrainmei can potentially cause ~y ' thereby reducing the likelihood of unwanted air
complications and mechanical impairments in  th@nyrainment[10,11} To clarify, the reduction of air
operation of hydraulic equipment, including pumps andptrainment may be achieved by positioning the intakes at
turbines.  Possible issues involve decreased intakQ er gepths and increasing the distance between the
discharge, cavitation generation, sound, and pipeliNgier jevel ad pipe intakes (i.e., increasing the value of
vibration[6]. "Y [12]. To reduce construction costs, it is essential to

Hé/drpdyramltc)ls pr:(alns flow at the mtgkke bé’position pipe intakeas close to the water level as gibte.
considering it a blend of two components: a sink an e precision 08 estimation has significant implications

uniformly di.stributed flow[7]. In reality, the pipe inta_tke for achieving an optimal hydraulic configuratifi8].
placement is regarded as a receptacle, where c_rltlcallty Numerous researchers have explored the effect of
oceurs when the water surface evel rgachesevolutlc_)n diverse elements on the value"¥fwithin the literature
point of the Rankine hatﬁody_,_followmg_ the Rankme review, and as a result, several of these invastigs have
half-body model[8]. The condition mentioned is called been delineated. The research conducted by Hagdat
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involved a thorough analysis of the influence of severartificial intelligence methodologies, namely the support
geometric parameters, such as intake diameter and shapetor machine (SVM), adaptive netfizzy inference

(symmetrical or asymmetrical approach), on"thealue.

system (ANFIS), and gene expression programming

The impact onthe™Y value between pipe intakes with and(GEP), to estimate the value of. The findings of the

without bell mouths was evaluated by Hasfifl], who

study suggest that the Support Vector Machine (SVM)

investigated the entrance shape. The intake piped in derived"Y value outperforms other predictors in terms of
this study had aircular crosssection and were positioned performance. Azamathullfl8] implemented a genetic
horizontally. In the study by Khamawvei [16], the algorithm (GA) to forecast th&r factor across varying

empirical investigation into the positioning angle of botlintervals of
single and dual intakes 6W revealed that the value of
depends on the angle of the pipe intakes. Specifically,etqu at i ons .

The stu

lottom clearances and subsequently
contrasted the resultant predictions with experimental

dyos fi

was observed that as the pipeangle approaches predictions generated through Genetic Algorithms show
parallelsm with the horizon, the strength of the vorticesuperior performance compared to the empirical formulas

diminishes.

applied in experimentation.

Goel[19]

utilized a

Generally, the examination of airflow within intakesbackpropagation Artificial Neural Network (ANN) and
can be accomplished through a combination of theoretidhle M5 decision tree algorithm for forecasting thieralue
and empirical methodologies. Experimental techniquea horizontal intakes. The research results indicate that

that rely on the fabricationfdangible modelsare often

both timeconsuming and resourgetensive. Hence, it is empirical formulas

not invariably feasible to employ physical models. The
application of computational intelligence techniquesubmergence prediction,

Table 1 summarizes

highlighting

these approaches outperformed regrestgohniques and

recent studies on critical

the models,

represents a novel approach to eniramnthe accuracy of datasets, performance, and limitations. While previous
models Consequently, utilizing thenmense potential of works achieved R2 up to 0.95, none employedmated
these approaches can lead nmre precise outcomes. metaheuristic optimization to tune ensemble models
intelligence methodsacross multiple intake configurations.
numerous studies examininy were analyzed in this
study. Roushangafl7] conducted a research study
focused on evaluating the effectiveness of a variety of

Focusing on

computational

Table 1: The statistical traits of input and output

Indicator Bottom Statistical Proge_rtjes
clearance type | Y Y)Y Re We Fr
Max. o L 4.847 25.377 100532.1 10056.21 6.550
0 Q¢ 5.912 26.875 102207.7 10394.21 6.659
Min. o T 0.195 0.958 25582.43 272.3975 0.451
0 QI¢ 0.084 0.804 21026.65 184.0178 0.371
Avg. o T 1.750 6.797 55928.43 2943.524 2.541
0 Q¥c¢ 2.009 7.146 58399.34 3356.101 2.719
St Dev. o T 0.990 5.271 20899.2 2840.407 1.955
0 Q¥c¢ 1.369 5.675 24002.29 3208.336 2.127

The formation of air vortices, as suggested by thisiodel dependability and accuracy. By comparing the

study,

is a highly complex hydraulic phenomenomutcomes of the hybrid and ensembigrid frameworks,

influenced by various parameters, making it extremely was found that the suggested modesably improved
challenging to establish a relationship between theredictive accuracy for S€&urthermore, the flexibility of

parametelY and other factors. Despite attemiat®xtract

these hybrid and ensembtgbrid modés, which allows

experimental relationships and develop comprehensifer determining key solver model parameters, enables
models, the accuracy and applicability of these modetkem to be applied to various problems.
have been limited by the complexity of air entrainmenthe primary objective of this study is to evaluate the
and vortex formationas well aghe exclusion of certain effectiveness of hybrid ensemble frameworks combining

parameters.

Therefore, computational
methods may provide a more precise estimat¥ of his
study aims to predictY employing GB and XGB horizontal

intelligence boosting models
algorithms for predicting critical submergence (Sc) in

circular

and mekeuristic

intakes. Specifically,

opimization

the study

frameworks. To improve the accuracy of the models, theyddresses the following research questions:
were coupled in hybrid forms with novel optimization 1.
algorithms (AHA, AVO, TDO, SMO, and TFWO) that

adapt the models to thep b | e mé s

phy.si cal

Ensemble approaches using the DempSteafer Theory
have also been employed to improve prediction accuracy,
resulting in an optimum equation targeted at increasing

RQ1: Can hybrid ensemble models (GB/XGB
combined with metdeuristic optimization)

imgrave thee aceuiagy f critical submergence
predictions compared to standard boosting

methods?

n d
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2. RQ2: How do different metdeuristic predictions, particularly in partially elevated intake
algorithms (AHA, VAO, TFWO, SAO, TDO) scenarios (C = d_i/2). Model performance was evaluated
affect the performance of ensemble models irusing R? and RMSE on the independent test set,
capturing nonlinear hydraulic and geometridacilitating direct comparison with existing statethe-art
dependencies? methods. This research design integrates systematic

3. RQ3: Does the incorporation of a customexperimental data collection, robust macHie&ning
empirical adjustment equation enhance th&ameworks, and metheuristicdriven optimization,
physical consistency and reliability of providing a comprehensive evaluation of diotive
predictions under varying bottom cleace methods for critical submergence.
scenarios?

The corresponding hypotheses are: 2 Processing ofmaterials and data
1 H1: Hybrid ensemble models with automated

hyperparameter optimization achieve higher RAN experimental analysis 6 of horizontal intakes in
and lower RMSE than neoptimized boosting ©PeN channel flow was performed by Ahmad e{20],
models. as depicted in Figl. The study focused on &M open

1 H2: Among the metdeuristic algorithms, VAO chan.nel fow horizontal intake. The open channel
provides the most edttive exploration of the conS|ste_d of_a flume that was 10 meters in Iength, 0.37
hyperparameter space, resulting in superid?neters in Wldtlf]! and 0.6 meters de_ep. The horizontal
model performance. Intake was positioned laterally, at a distance of 5 meters

1 H3: Including a custom empirical adjustmentfrom the inlet of the flume, in the direction thfe flow.
' Several parameters were considered in the

equation reduces prediction errors in partiall ; . . . . ,
eﬂavated intake scl?enarios C = d i/2)p Wherﬁaxpenmental study, including the intake diamet@) (
standard models typically unqlxerforrrT ' with values of 4.25m, 6.25m, and 10.16m, and the bottom

éearance, which was either setdo mor6o Q7c.

The study uses a controlled laboratory datas th miers studied included th locity of flow i
comprising 324 measurements across two inta er paramiers studiec included the velocity of tlow in

configurations: zero bottom clearance (C = 0) and-halt"® iptake (Y) the initlal flow velo<':‘ity in th'e. flume’y ),
diameter clearance (C = d_i/2). Four key input varidbles th€ intake dischargeb(), and the'y. Additionally, the

intake diameter, approach velocity, Freudumber, and Reynolds number (Re), Weber number (We), and Froude

bottom clearance raiowere selected based on theiflumber (Fr) are defed as theriput parameters. However,

physical relevance to critical submergence formation'@Poratory ranges may have inherent limitations that

Gradient Boosting (GB) and Extreme Gradient Boos'tinges’tr_iCt the range of dimensional parameters that can be
(XGB) were employed as base learners. Hyperparamet ngleq. To overcome this limitation f';md ensure the}t the
for each model were optimizagsing five meteheuristic model is applicable in reaborld scenarios with extensive
algorithms (AHA, VAO, TFWO, SAO, TDO), enabling paraneters, it is essential to consider rtimensional
systematic exploration of the search space. The dataBgfameters and the normal form™¥f While accounting
was partitioned into 70% training and 30% testing, with®’ the simultaneous effects of multiptmensional
10fold crossvalidation applied to the training set forparametersTabIeZ presents the_ sta_tlstlcal_chara_ctenstlcs
hyperparamet selection and overfitting prevention.  ©f input and output variables,dluding their maximum,

A custom empirical adjustment equation wadninimum, average, and standard deviation

incorporated to enhance the physical fidelity of

Grid Wall
Wave Supressor \
Tail Gate N\
: \
Tank P = — u Tank
||
Supply pipe
Pump| | ¢mmm Horizontal intake =
i ew— | Sluice Gate ﬂ
Ulirasonic
flovmeter
To Sump

@)



16 Informatica50 (2026)13i 50 S.Yu

-
¥ Water level L 4 r]:@
7 R A R A O (Y A \///// 77 777777777 I
Horizontal intake
(b)

Figure 1: Experimental setup [24], a) Plan, b) Elevation.

Table 2: Assessment metric equation and ideal state.

Mathematical Equations Ideal performance No. Eq.
N B O O a a & .
Yy @ A higher value near 1 (55)
& B w w B a a o
YO YO g a o A lower value near 0 (56)
000 g W as A lower value near 0 (57)
00 © B 4 o A high lue near 1 (58
U0 — igher value
B &% & @ as ;
. e EQ T .
tegm QEQ 'Qﬁ%— A higher value near 1 (59)

Several preprocessing steps were applied befonhere the effect on outputs is determineddand] . In
model development to ensure data consistency and floid system design, the clearanég between the bottom
support the learning process. All continuous variablesf a horizontal intake and the channel or pipe floor is a
were normalized to ai@ range using mirmax scaling to critical factor for3 . A clearance of  Tindicates direct
maintain comparable influence across featusesl to contact between the intake and the channel or pipe floor,
stabilize gradienbased learning. No missing data valuesvith no gap or space. If the clearance is too small, it can
were reported in the original dataset; therefore, neause turbulence in the fluid flowegatively affecting the
imputation procedures were required. Visual inspectiony st e mo s pCenvdrsely, ihthenclearance is too
using box plots and leverage plots indicated ntarge, it can increase the risk of air being drawn into the
statistically influential outlierswith adverse effects on flow, leading to cavitation and damage to the system.
model training. The dataset was then divided into 70%xperimental studies of fluid systems often involve testing
training and 30% testing portions, and af@l@ cross different clearance values to determine the optimal value
validation procedure was applied only to the trainindor a specific system. Bgetting# T, researchers can
subset to tune hyperparameters and prevent overfittingx a mi ne t he effect of the int
Taken togethr, these preprocessing steps ensured that therformance when there is no gap or space between the
input variables preserved physical interpretability whiléntake and the floor. This configuration can provide
meeting the numerical requirements of the boostingaluable insights into the optimal clearance values for a
algorithms. paticular systemln addition, Fig. 3 shows the correlation

Furthermore, Fig. 2 illustrates the polar contourhetween the input and output variables.
representing e impact of input variables on outputs,
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Figure 2: The polar contour of input variables compares to outputs.

5.190 5.920

Figure 3: Structure of GBR
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Moreover, in the analysis &Y n fluid systems, when 3 I\/Iethodology
# A ¥g, itdisplays that the clearance between the floor
of a channel or pipe and a horizontal intake is half of t
intake diameter'@). This clearance is indispensable in~*
fluid system design,sait involves elevating the intake by
a distance equal to half its diameter. If the clearance is Sol-1 GB
small, it can lead to turbulence in the fluid flonegatively GB is an ML approach employed for regression and
impacting system performance. On the contrary, if theategorization tasks, which combines weak estimation
clearance is too large, it can incredke risk of air being frameworks, often by decision trees (DT2R,23] to
drawn into the flow, leading to cavitation and systenbuild a prediction model. In GBR, each regression tree
damage. Researchers typically observe various cleararearns the residual of the previous fieeonclusion,
values in experimental studies to identify the ideahiming to reduce the overall approach residual along the
clearance for a given system. The ‘Q 7¢ configuration gradient direction. By integrating the outcomes of all
raises thentake off the floor by half its diameter, aiding regression treeR4], GBR is capable of handling mixed
in improving fluid flow and reducing turbulence. Thisdata types and is resilient to outlief25]. Originally
setupprovides insights into how intake clearance affectsuggested to lmst a cost functior{26], it has found
system performance and can help identlig optimal applications in regression, energy theft detedi@, and
clearance for a specific application. various fields in statistics and artificial intelligence (Al).

The dimensional parameters in laboratory ranges GBR is a dynamic enhancing technique that
often have inherent limitations, which can restrict theonstructs a powerful regression model by atisely
range of data used. To ensure the frame@oskitability combining weak regression learners. It aims to diminish
for practical, realworld utilization and overcome this the loss function using gradient descent, calculated from
limitation, it is necessary to consideadditional the addition of weak learners. This loss function evaluates
dimensional parameters and their combined effects, alohgw effectively the coefficients of an effective framework
with nondimensional parameters. The normal forniof can appraimatethe underlying data instances.

1 Developedmodels

can be presented as follows to address theseissues: O @ O @ " Q 4)
—_ "00i —FfYQ 'O R "0  displays the previous ensemble framework,
3 (1) and’Q shows the initial learner used to diminish the loss
—h— function 0. The base learné® is trained on the dataset

@h , and he multiplier is determined by solving

Additionally, Ahmed et al.[21] suggested two . . .
a onedimensional enhancement issue.

computational functions for estimatiny values, each

ta}‘llored to specific types ofTbottom clearance. " B1 06 0D ORO @ O G ®)

Y .
MTo 2 wQ® — Bh 6 m (2)
y Y w displays the label for the target clasgditionally,
miTe 8 Y -QV 8 h § QFc (3) Fig. 4 illustrate thestructure of GBR.

<

o] <3|

Algorithm 1: Pseudocode outlining the Gradient Boosting Regression

Input: training set @h hdistinguishable loss functidh cHOG , count of cycle® .
Output: trained GBR framewoi®® .
Begin
1. Setting thanitial value of a model to a constant:
O i Q4 BE O oit
2. Repeating fodr ptol:
2.1.Calculating the pseudesiduals in the following manner:
4 0 —h ,for'Q pfB e
2.2.Training a base learner (e.g., tré&) @ on pseudeesiduals involves fitting it to the training da
ah
2.3.Finding a multiplier”  involves answering a orgimensional enhancement issue:
5 Ol QEB®E 0 OHO ® "0 W

2.4.Updating the model:
6 & @ & @ ME @
3. Getting a trained GBR framewoi® ®

End
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Figure 4: Structure of XGB.

. m shows a metric evaluating the complexity the
3.1.2 Extreme Gradient Boosting (XGB) model to mitigate overfitting as presented in Eq. (8):

XGB is a powerful gradiefiboosting machine technique m™Q 0 E_,E'“E (8)
known for its adaptability in supervisddarning tasks, c .
including regression and classificatid28,29] It is
popular among data science practitioners due to its f
execution speed, facilitated by its eaftcore processing
capabilities. It generates predicted outpbissing a series
of equations for ensemble tree models within a datsset
Who dQ p8 &hw ™'Y R N 'Y with & instances and

In this equation, the importance given to each leaf is
égpresented by, and the ttal number of leaves tenoted
as L. Decision trees are iteratively refined during model
training to reduce the objective value progressivagthe
model learns, it incorporates a new function, typically in
the form of a tree.

18 n h N 6
8 8 A8 h A& (6) o B. O B. O
"Ydisplays the count of trees, whiledepicts theo M ¢B. Q _ B. Q _
tree. The main goal in solving the given equation is to B, O (10)
diminish both the loss and regularization criteria by B o
finding the optimal set of functions. _ " =
e n anhhs mQ @) ¢ T P °’h‘38 (11)
Q1 p w8 (12)

The & (loss function) is categorized by the disparity ~ Fig. 5 shows the structure of XGB.
between the measureditputw and the estimated output



20 Informatica50 (2026)13i 50 S.Yu

Generating initial indil:l;iﬂls of the
first generatio
population of

r4
Sorting followed by ranking and
selecting best of the current

generation based on the cost function

Movement of all pl toward better ‘
solutions by 0,4, co, y and p operators

ration t-he new (
generation Np 2

Figure 5: The flowchart of VAO.

represented by hyridauatationiThere k n o wn

3.2 Meta-heuristic algorithms is a 0.2% chance that this change wilanifest as a
positive or negative trajectory with each subsetiuen

3.2.1 Models via VAO generation of children. The ideal leaf sample is
characterized by its large size and powerful physical traits,

The VAO algorithm primarily focuses on how the originaly v i ¢ h we wi | | refer to as U.
population, consisting of Leaves and Flowers, dispersggown in thepseudecode below, and the VAO
and how each of these entities can spread or grow alol!&hniqués flowchart is shown in Figb.
the outer wal[30].

Subsequently, a mutation arises due to €rossgy g © , Is g - - (13)
pollination betweera distinct variety of water lilies and
the beetles within the pond. The current phenomenon is

Algorithm 2. Pseudo Code of VOA

Start

Developing population of plants TQ pltH8 R

Identify Expansion Q& "Q

Identify Intra CompetitiorsEin ¢ 'Q

Identify the Drawback coefficient af in xi (random range in [0.1 to 0.3])
Identify the Drawback coefficient @f in xi (random range in [0.1 to 0.3])
Identify Hybrid Mutation Rate of T1&

While Max cycles are not met

For'Q po & plants

For'Q po & plants

If, "Q, VIE 3Horw M plts &
Plant'®@oes planeld

End if

Employ hybrid mutatior
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Employ Drawback coefficient andg

Examine new resolutions by cost function and update Expansion
End

End

Sort and rank plants and find the current global best

Developing new generation

End of while

End

-

7

Figure 6: The flowchart of AHA.

_ WBDOO @i 0 RO Tip
3.2.2 MOdeIS via AHA Eq. (14) defineso, © as the spatlal coordlnates of

inspiration from hummi tarfetesd). AdbitoRaly % & Gisplagsté lochtibnt 9 h t
behaviord31]. The present study outlines three pr|n0|p f the ‘0@ food source inthe temporal domainwhich
models of this algorithr{82]. illustrate in Eq. (15):

1 Guided foraging . ® o "Qw 0 QL 0 p

In the present foraging model, three distifight ~ © O ' 5 o 046 Qb o p (15)

behaviors, namely axial flight, diagonal, and
omnidirectional, have been employed for foraging. A
mathematical expression that models the process &Jh
guided foraging along with a potent|al food source can b
derived by employlng the following technie.

VO p F O (14)

9 Territorial foraging
The taking after condition speaks the nearby look
ummingbirds within theerritorial foragingprocedure:
O p O "WWBwO G O Tip (16)
1 Migration foraging
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The concept of migration foraging has been nectar refilling. Meanwhile, a factor denoted iasis
formulatedby Eq a7): . assumed to be random, and lower litni@nd upper limit

® 0 p ARIBOL®A® a7) 6 ®ranges are established. The AHA flowchart is
The variablew is used to denote the source ofpresented in FigZ [34].

sustenance possessing the poorest population rate of

= Em o o W o o

DA

ﬂxploration phase

ﬁ*xploitation phase

""" | Combine 'n' solution
from AOA

Select best

» N
Optimal solution Condition met? s

Figure 7: Flowchart of TDO

The resultant objective function values are then

3.2.3 Model via TDO displayed in the form of a vector, as illustrated in Eq. (19):
The algorithm of TDJ35] is a probabilistic, populatien n:9| 1 NO(;) Il
based method employing Tasmanian devils as sear ',"(e)-:- ""O(?b
agents. The TDO population can be envisioned as a ::é“ :: g - (19)
matnx,(gs described in Eq. (11): Jou Joe U
~ell F displays the outcomes produced by the objective
A :Ipo operation andO displays the outcomes of the objective
118 n function corresponding to ti@ GQinstance.
w U The topperforming solutionyields the maximum
O B ©F E &f . (18) objective function score and is considertte most
s g & E & U favorable option among the population. The TDO
”F*)ﬁ E O E' o " population updating pr@&ss is based on two Tasmanian
'“ & E g E & ! devil-feeding approaches, each with an assumed
e E o = E O - 'L'J, L T Iselection probability. Accordingly, in each TDO
-+ h h h cle, each Tasmanian devil efficiently uses one of these
a displays the count of parameters in the prowdegi/ans
issues.

> ) ) ) o o Strategy 1:Consuming flesh for nourishment
® depicts the Tasmanian devil population) (Exploration Phasp

indicates the candidate or potential solution at posifibn  The TDO method systematically explores diverse
andéy portrays the worth of th€ &Qparameter for the search areas for optimal solutions. Eq. (20) simulates the
"Q dQapplicant answer. random selection of a scavenging site by thedQ

0 displays the identifier for the Tasmanian devilTasmanian devil, excluding sedélection, using a random
participating in the exploration procedure. value k from the ranggto 0, excludng "Q



Predicting Critical Submergence in Horizontal Circular Intakes ldsing Informatica50(2026)13i50 23

6 ®h Q pB R h o van . e BN "
o ptf 0 0 @0) g n OR 180s @R RO O,

6 means the flesh nominated by tH® &Q Wp 18wz Nphé®i 0C
Tasmanian devil. i o " Fo B 2o

The curre‘znt pgsitign is re‘taingd, as per Eq. (21). W w’% Qi O (25)

o (‘oh ‘18(‘0“ :&)hvh, ,O . O . (21) @y " indicates the updated condition or situation of
i %’Jﬁ o '8?5 o h e ®hi 00 the Tasmanian devil at indéRas determined through the
o Oh ha, O (22)  @pplication of the second approach.
wh Qai Q &y " signifies the worth of th& &Qparameters

I depicts a randomly produced amount within thgor the "0 §Q Tasmanian devil when smearing the
variety of Tip 8 alternative approach.

"O displays the objective function score linked to the ~ ~5 & displays the performance metric tied to the
chosen carrion. . ) ) ~ Tasmanian devil indexed afwhile employing the
~‘Ondicates an arbitrary numerical value with optiongternative approach.
limited to.one or two. o _ "O signifies the objective function score associated

Q  specifies the value of the objective function. it the prey chosen by the Tasmanian devil at irifex

Wy, " displays the altered lodah of the Tasmanian Eqgs. (26)(28) mathematically illustrate this prey
devil at index'Gafter employing the initial approach andchasing phase carried out by the Tasmanian devil.

Wp " displays théQ &Qvariablés value at the fresh Y T8t pp ; (26)
location of the Tasmanian devil indexed &3after " . . .
implementing the first strategy. “h (,bmh H‘OCI péY&)h (27)

o Strategy 2: Using prey as a nutritional ¢ g v s (28)
resource (Exploitation Phase) . wh & i Qi Q N -
Tasmanian devilemploy a twephase prey strategy: © Symbolizes the cycle tally and  indicates the
initially tracking and attacking, followed by immobilizing revised or fresh position of the Tasmanian devil at iri@ex

and consuming. The pr i ma rintheyiginityofits pigr fpcation, designated@s, n pr oce

is mirrored in the initial stage of the sewlary approach, “Ydepicts the upper limit for the count of repetitions.
as detailed in Eq. (23), which outling target selection O  symbolizes the performance metric linked to the
method. Tasmarman devil situated at the recently adjusted location
0 &h Q pkB R h indexed as8@ )
™ pltB HSQ Q (23) ®p depicts the numerical value for th® 6Q

‘Qsignifies a randomly generated value falling withinvariable about the Tasmanian vdepositioned at its

the interval fromp to 0 and 0 depicts the particular freshly modified location, indexed &3

quarry chosen by the Tasmanian devil indexe@as 'Y displays the extent of thical region, centered
When finding prey, the Tasmanian devil adjusts iteround where the Tasmanian devil commenced its assault.

position basedoh he pr ey 6 s ppaachingir ma fhe &DO agproach is available in the flowchart in

it improves and refining its strategy (Eg. 24). In théig. 8.

secondary approach (Eqg. 25), a new location is adoipt

it enhances the objective function.

Algorithm 3. PseudeCode of TDO Algorithm

Initialize the TDO.

Provide the details of the enhameent issue.

Specify the number of cycle8Y and the count of population participants 8
Start the place of Tasmanian devils and the impartial purpose's valuation.
Foro pdY

For "Q pd)

FO1 & OO0 QUEDI0NE 000 RAGRODW

Strategyl(Exploration Phase)

select flesh for th& &QTasmanian devil

Calculate the novel rank of the Tasmanian devil

Promotion of théQ ¢QTasmanian devil

Else

Strategy 2(Exploitation Phase)

Stage oneSelecting prey and initiating an attack

Select prey for th& GQTasmanian devil

Calculate the novel rank of the Tasmanian devil

Promotion of théQ) ¢QTasmanian devil
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Stage two: Hunt chasing

Promotion neighborhood range

Calculate the novel statu§theQ ¢QTasmanian devil in the neighborhood of Xi
Promotion ofthe™Q 6QTasmanian devil

End If

End For "Q pdp

Preserve the most promising solution that has been suggested up to this point
End Foro pdY

Output: The best solution attained by TE#D the assumed enhancement issue.
End TDO.

Implement Trailing solution search
model

' 1
L} L}
L} 1
1

: 2 :
' Evaluate fitness ;
L} 1
1

: v , :
: ploreto N railing fitness betie Lpad“e’:lf:::“, i
; ganidom — Ihfn revious gWOI'SI :
' Mode e '
L} :
\

.......

X .
random soluti

Fitness

' Al
1 1
1 1
1 1
: e b ! :
: search model : ! ﬁdﬂz molecules position :
L ! ' - l '
' Evaluate Fitness ' : :
! l $ ' ' Evaluate fitness '
1 )
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- H ‘ { g
i ' =y o
' ‘andom Fitness Beli? No iRetain Previous ) ! : i ne and update position :
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3.2.4 Models via SAO ® 0 i Y 0 (30)

The overall framework of the SAO is built upon three  The boundaries a®ted by the charactepsandd are
distinct approaches grounded in the fundamental concefgduced from the decision parameters. The variable
of perceiving odor§36]. signifies a random variable adhering to a uniform
x  Sniffing mode distribution betweenrt and p. The original amount at
As molecules associated with odor tend to dispersehich scent molecules are emitted from the source is
toward the target agent, it is standard practice womputel using Eqg. (31), with each odor molecule
commence the procedure by selecting an inconspicuoassigned a unique numerical value:

Figure 8: Flowchart of SAO.

origin to release these elements. Olfactory compounds h h h

could be activated through the use of Eq. (29): s ) 8 ) 8 ) 8 (31)
W p W p W p h h 8

) 8 8 8 (29) Every fragrance particle embodies a conceivable
Wi ®F g resolution. The spatial attributes of these possible answers

The symbol® stands for the total count of scentare established from the spatial vector designated in Eq.
particles, while ® depicts the cumulative count of (31), and the speed of the particles is indicated in Eq. (32).
decisionrelated factors. The representation of the locatiohhe amplification of partle speed transpires
vector must be presented in a scholarly writing style:  subsequently:
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o

® ® " Vo (32) completed, enabling the establishment of the dgent

The formula Y0 p displays an uninterrupted SPecified pqsitiorio
advancement of the agent along the Hfimeed pathway x  Trailing mode . i
throughout the optimization process. The anticipated In the alternate operational mode, the ag@ent

spatial positions for the scent reoliles are computed investigative maneuvers are emulated to determine the
using the subsequent expression: source of ascent. The agent seizes the opportunity to

" (33) transition to this novel spot:

() ()
Every aroma particle displays unique diffusion ® 0 1 &0 w (36)
velocities that facilitate motion and evaporation i €aQw w

accordance witlexploration principles. The computation Valuesi andi fall betweermtandp. The corrective
of aroma parti@ speed, which has experienced recemjarameter diminishes the inflance of smell on the state
modifications, is carried out through the use of Eq. (34):variable ¢ , while the restraining coefficient
" " " (34)  confines the impact of smell on the state paramater .
The representatiori depicts the adapted velocity x  Random mode
obtained from the computation specified in Eq. (35): The agent might encounter local low points due to its
T inability to sustain routes. Whethis scenario occurs, the

" mj Y (35) agent transitions to a state of uncertainty, as denoted by
Q Eq. (37):
0 signifies the aroma coefficient, intending to ¢ o) i Y 37)

balance the impacts of both mass and temperature on the The |etterYdisplays the size of the stage. The random

I~<inetic energy of fragrance 'particles. The parametefsenalty, symbolized by the variatile probabilistically
‘QandYrelate to the scent particBrmass and temperature yequces the size 6Y

respectivly. The olfaction investigation has been  The flowchart for the SAO algorithiis presented in
Fig. 9.

Algorithm 4 Pseudecode of SAO

Rearrange Bauds

Establish the starting positions for scent molecules

Amount appropriateness

Position the agent and determine the least favorable spot for the molecules

Whereas 001 "00i do:

For ('Q pto molecules) do:

For (j=1 to position) do:
Finetune the velocity and position of the molecules (sniffing)
End For

Amount appropriateness

If (the enhanced suitability is larger) then:

Update appropriateness

Modify the agent and thieast desirable molecules

End If

End For

For ('Q pto molecules) do:

For (Q p to position) do:

update place (trailing)

End For

Amount appropriateness

End For

If (new fitness is better) then:

Offer new fitness evaluations

inform location

Else

For ('Q ptomolecules) do:

For (Q p to position) do:

Activate the random mode

End For

End For

End If

End While

Retrieve the top solution.
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Figure 9: Flowchart of the TFWO.
3.2.5 Models via TFWO ultimately, Eq. (41) is applied to adjust tiparticleds

The TFWO is driven by unpredictabRuctuations in P9Sition. T

water turbulenc87]. Initially, the most robust participant ¥ Q@ 'Q  ©Q i 0w i (39)
in each categoriQc is acknowledged as the whirlpool Y& AT 10 ﬂ,p wQ W

6 'Q that attracts the entities. EaghQfunctions like a O Bl n pho (40)
gravitational center ahtends to converge the locations of ~®©@Q @ o o

elements within its group®d with its central point by . $A 10 OBl s
applying an inward force and guiding them towards it. @ 0w Yo 41)

Consequently, th€® 6QwQand the local position on w"Q andw™Q correspond to the vortices with the

@& "Qblend theQ &Qentityds location & with their own. smallest and larges¥ values, respectively, with di

However, the other whirlpools introduce specificrepresenting the angle of tf@ GQentity.

discrepancie®® because of the disparity between them  Occasionally, the centrifugal forc®(Qprevails over

and their target valuesQd 8Thus, the’Q dQentitys the centripetal force of the whirlpool and haphazardly

position transforms intod , and the entities @  relocates the entity. The centrifugal force is represented as

traverse with an immssive angle] around their described in Eq. (42) and occurs randomly in one

whirlpool& core, advancing toward it. Consequently, thimmeasurement of the conclusion parameters. To achieve

angle varies with each cycle in line with Eq. (38): this purpose, the céifugal force is calculated based on

1 1 n n - (38) the angle between the whirlpool and the entity, as
To compute and represent the most distant and clos#tstrated in Eq. (43). The centrifugal effect takes place

vortices Y& Eq. (39) identifies the vortices with thefor a dimension that is randomly chosen if this force

minimal we|ghted distance from all entities.surpasses a randomly generated value within thevaiter

SubsequentlyYé) is determined as per Eq. (40), andTdp , as depicted in Eqg. (43). This phenomenon is
mathematically defined as follows:
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oo Al OEl (42) ¥y e @0 6. (44)
wp & onow 3 yo Al oEd i i
The vortices interact with one another. This processis . . - (45)
represented similarly to the way vortices affect entities,_ . o .
where each ‘Qendeavors to exert a centripetal force onY® © w0 »wQ (46)

other vortices and attract them. The closed®can be

1 is the Q dQ hole of w'Qangle parameter.

calculated mathematically tipnsidering the lowest value Ultimately, when the strong participant surpasses the
and its objective function, as specified in Eq. (44)ethers in strength, it will be selected as a frestfor the

Subsequently, the CGidposition can be modified using n € x t

Eq. (45) and (46).

Defining the
performance criteria

Normalizing the

values of
performance criteria

Assigning the
calculated weights

\___for prediction m

cycl e. Th essfe&ifOmdRglof | owc h

Quantifying the
erformance criterit

" Calculating the
pignistic
probabilitie

Figure 10: Ensemble models generating process-Byf D

Ensemble ML

Ensemble ML combines multiple base models
either homogeneous or

3.3

heterogenéots improve and 0

B 0w

B 0
wherew represents the prediction of théhj model,
is its D-ST-derived weight. By incorporating

(47)

predictive accuracy by reducing variance, bias, or botincertainty and performandsased weighting, the ST
Standard ensemble techniques include bagging, boostikgsemble is more robust to model errors and provides

and stacking38]. Bagging and boostingypically operate
on similar models, while stacking can effectively combine
diverse model types.

improved generalization compared with naive averaging.

A baseline ensemble using simple bagging (equal

weight averaging of multiple GB and XGB models) was

In this study, a hybrid ensemble framework wagiso implemented for comparison. Results indicate that the
developed that combines GB and XGB models. To assignsT weighted ensemble consistently outperforms simple

appropriate wei ghts t o
DempsteiShafer Theory (BST) was employed39]. D-

b@rg fin term &t R4 B RMSE " pirflcul&rly Unded
varying bottom clearance and nonlinedaydraulic

ST calculates a weight for each model based on ignditions. This demonstrates that performabased
individual performance using a set of indices that reflegeighting improves predictive accuracy beyond standard
prediction accuracy and reliabilitj40]. The resulting ensemble averaging or stacking stratefA&$.

weights are then used to produce a weightegrame

The procedure for generating ensemble predictions

prediction, which improves over simple averaging bysing DST, ircluding the calculation of modsbecific
giving more influence to models that perform better undefeights and the weighted combination of predictions, is
specific conditions, rather than treating all models equallyustrated in Fig. 11. Fig. 12 shows the overall workflow

[41,42]
The ensemble output is computed as:

of the hybrid GBXGB ensemble framework.
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3.4 Performanceevaluators

performance ofhe suggested moddly computing their
error levels and correlation coefficient§he metrics
Erro(MAE),
Coefficient of Determination (R?), Root Mean Square

discussed

Informatica50(2026)13i50 29

Figure 12: Convergence of hybrid models based on the correlation coefficient.

includ®&ean

Absolute

Error(RMSE), Index of Agreement (IOA), and n20
This section outlines several metrics to evaluate tHQdeX' The formulas for each of these metrics are

Table 3: The hyperparameters of the developed models.

presented in Tablg. Egs (55-59) utilize thet to indicate
the sample numbeg) to show the estimated valudand
G to denote the mean estimated and measured values,
alternatively, and to indicate the measured value.

Target Hyperparameter Models

9 yperp XGTF XGSA XGTD XGVO XGAH
n_estimators 582 333 165 957 318
max_depth 492 3 82 611 540
learning_rate 0.0919 0.0290 0.136 0.7627 0.325

< colsample_bytree 0.0757 0.9560 0.651 0.5803 0.571

) subsample 0.0592 0.6790 0.408 0.5381 0.45
reg_alpha 0.0859 0.9610 0.172 0.2558 0.117
reg_lambda 0.0493 0.0820 0.137 0.01 0.748
n_estimators 20 805 985 318 1000
max_depth 999 648 796 621 247
learning_rate 0.001 0.633 0.913 0.493 0.269
colsample bytree 0.001 0.866 0.057 0.728 1

"I‘_ subsample 0.029 0.456 0.054 0.698 0.256

; reg_alpha 0.352 0.345 0.81 0.13 0
reg_lambda 0.001 0.423 0.475 0.826 0.501

4 Result demonstrating the convergence behavior of all hybrid

models for both output&€onvergence analysis often uses

4.1 Kev parameter and convergence the statigtal technique of convergence based on the
) yp g coefficient of correlation to assess the linear association

Key parameterslso known as hyperparameters, are-usebetween two variables. This method is frequently
defined parameters that govern theodel's behavior employed to evaluate the magnitude and direction of the
during training and can significdpt impact its relationship between twiime series under comration
performance. XGB and GB are ML models with variousor convergence. Fig.3lshows the convergence curve for
hyperparameters that can thegresemt hybriel meddls, ih which20®cycles Have ®eem o d ¢
accuracy and efficiency. Tablesand 5 determinethe  done to obtain optimal outcomés manddé Q 7¢. In

optimal hyperparameters fdhe most desirable hybrid the output convergence, it is apparent that when models
models, as described in tHfellowing results section are integrated with VOA, the optimal state is reached more
Additionally, Fig. 1B depicts the convergence curverapidly compared to other models, and the highest
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convergence value is attained.dn mand® 'Q ¥¢, convergence occurred at approximately theé™8@ 116
alternatively, the most suitable anthe weakest cycless for & m and 6 'Q7¢, leading to the
performance related to XGVO and GBAH in theachievement of'Y0 "Y@alues of 0.258 and 0.277,
convergence of developed hybrid models. & 1 respectively.

XGVO obtained convergence of 0 "Y'&qual 0.093 in

140" cycle, whichin 6 'Q T¢ was 0.242 in the 130

cycle. On the contrary, within the GBAH adel,

B Cc=-0 C=di2

0.98—-
0.96—-
0.94—-
(\5"0.92—-
0.90—-
0.88-

N
e~

0.92642
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0.32053

I
K3 K4 K5
GBR
Figure 13: Result of Kold for developed models.

Table 4: Thehyperparameters of the developed models.

Models
Target Hyperparameter GBTF GBSA GBTD GBVA | GBAH
n_estimators 322 201 58 84 94
. learning rate 0.179 0.48 0.67 0.1956 0.16
: n_estimators 152 59 62 198 134
w learning_rate 0.667 0.39 0.23 0.893 0.338

Table 5: Outcomes obtained from the suggested modeds fort

Evaluator
Feature | Models Phase RMSE R2 MAE n20 _index | I0A
Train 0.211 0.956 0.057 0.965 0.989
XGB Validation | 0.256 0.940 0.198 0.840 0.983
w Test 0.203 0.959 0.158 0.833 0.989
GBR Train 0.248 0.938 0.194 0.779 0.984
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Validation | 0.274 0.927 0.220 0.760 0.980
Test 0.253 0.934 0.185 0.792 0.983
Train 0.178 0.969 0.152 0.805 0.992
XGTF Validation | 0.195 0.963 0.165 0.880 0.989
Test 0.211 0.960 0.174 0.750 0.989
Train 0.148 0.978 0.103 0.912 0.994
XGSA Validation | 0.176 0.970 0.135 0.960 0.992
Test 0.192 0.967 0.152 0.833 0.991
Train 0.100 0.990 0.077 0.973 0.997
XGTD Validation | 0.177 0.973 0.144 0.800 0.992
Test 0.182 0.975 0.154 0.792 0.992
Train 0.082 0.993 0.062 0.982 0.998
XGVO Validation | 0.117 0.988 0.091 0.920 0.996
Test 0.112 0.988 0.090 1.000 0.997
Train 0.195 0.962 0.149 0.850 0.990
XGAH Validation | 0.218 0.956 0.181 0.760 0.987
Test 0.234 0.957 0.191 0.833 0.987
Train 0.227 0.948 0.191 0.796 0.986
GBTF Validation | 0.255 0.943 0.210 0.720 0.983
Test 0.254 0.934 0.181 0.792 0.982
Train 0.203 0.958 0.166 0.779 0.989
GBSA Validation | 0.247 0.940 0.189 0.680 0.983
Test 0.244 0.939 0.198 0.750 0.984
Train 0.172 0.970 0.136 0.894 0.992
GBTD Validation | 0.232 0.947 0.182 0.760 0.985
Test 0.215 0.952 0.158 0.875 0.987
Train 0.173 0.972 0.126 0.938 0.992
GBVO Validation | 0.225 0.953 0.178 0.840 0.985
Test 0.168 0.971 0.137 0.958 0.992
Train 0.253 0.943 0.187 0.823 0.981
GBAH Validation | 0.309 0.907 0.237 0.760 0.970
Test 0.215 0.958 0.177 0.875 0.987
Train 0.108 0.988 0.082 0.973 0.997
GXTO Validation | 0.183 0.970 0.139 0.840 0.991
Test 0.156 0.976 0.124 0.917 0.994
Train 0.133 0.982 0.103 0.947 0.995
GXSO Validation | 0.193 0.964 0.150 0.880 0.990
Test 0.193 0.964 0.156 0.750 0.990
Train 0.139 0.980 0.112 0.912 0.995
GXTW Validation | 0.186 0.967 0.145 0.840 0.991
Test 0.155 0.975 0.130 0.917 0.994
Train 0.117 0.986 0.091 0.965 0.996
GXVA Validation | 0.135 0.985 0.109 0.880 0.995
Test 0.150 0.980 0.123 0.917 0.994
Train 0.185 0.969 0.134 0.912 0.991
GXAA Validation | 0.224 0.956 0.169 0.840 0.985
Test 0.149 0.977 0.120 0.917 0.994

The boosting models used in this study require caref(8ubsample, colsample_bytree), and regularization
specification of hyperparameters due to their sensitivity woefficients (reg_alpha, reg_lambda). Each parameter was
learning dynamics, model complexity, and regularizatioassigned a broad search interval to enabé rieta
strength. The ranges used for byparameter tuning were heuristic algorithms to explore diverse model structures:
selectedbased on standard practices established in the 1 n_estimators: 200000
boosting literature and on preliminary exploratory trials f  max_depth: 21000
that identified stable performance boundaries for the 1 learning_rate: 0.00D.9
current dataset. _ 1 subsample, colsample_bytree: 0.09

For XGBoostbased hybrids (Table 4), the 1 reg_alpha, reg_lambda: 000
hypermrameters included tree count (n_estimators), tree - -
depth (max_depth), learning rate, subsampling ratios
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For Gradient Boosting (Table 5), tuning focused odlominate performance in hydraulicediction tasks and
n_estimators and learning_rate, which are the dominacduld guide the development of more efficient
contributors to ensemble behavior. These were variegtimization routines.
within the ranges:

f n_estimators: 20400 4.2 K-Fold crossvalidation

T learning_rate: 0.00D.9 K-Fold Cross Validation splits data into K subsets, trains
These intervals were selected to balancg e mogel K times using4 folds as training data and one

computational feasibility with sufficiembodel variability. fold as testing dateach time, then averages performance
Because the dataset contains 324 samples, excessiVElics across cycles for a more robust evaluation. It is

deep trees oextremely I_arge ensembles tend to produc seful for accurate model assessment, especidiignw
unstable models, making bounded but flexible sear

; ta is limited, by ensuring thorough use of available
ranges essential.

. . samples for botkraining and testing.
Hyperparameter tuning was performed using

q d bedded within th In this study, a Sold crossvalidation approach was
random searcfprocedure embedded within the metagnyioved to assess model performance. As depicted in
heuristic optimization algorithms.

Y . . Fig. 14, each foldwas evaluated using RMSE and R2
A complete sensitivity analysis or ablation stdy

g h lati : ¢ hmetrics, aiming to identify the most effective fold for
quantifying the relative importance ~of eachyajictive modeling The outcomes of this evaluation
hyperparameter on the final model performancequires o, 0a1eq that folds K3 and K5 had the most desirable
extensive  iterative  retraining undercontrolled ,;t-omes than the others in terms of prediction accuracy
perturbationsThis remains a relevant extension for futurqoré mandé 'Q Tc, respectively. This suggests that
work, especially given the nonlinear interactions amon@tilizing these particular folds yielded more reliable
boosting hyperparameters. A dedicated ablatio

) . - redictions compared to the alternative folds.
framework would help identify which parametersa P
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Figure 14:The multiY plot for the obtained result of metrics.

4.3 Mo d epgerfofimance samples are assigned to the training phase, and the

ini 0, Vi i 1 0,
In this section, the outcomes of the introduced models a; g‘:;?g&gtfe aﬁ d:{i% ndglr:(;e&o'/nzsmo E’rzrmtst‘ aﬁ?j?
discussed. As mentioned, the relevant modelsprise 0 9.

three parts: individual, hybrid, and ensembjgrid present the evaluation of the models based on specific

which have been investigated in three phasesning, gnei}::ﬁ%n;vgﬁhézg r:]deeiﬁLss;a:Lezugg(jint_lfnglrgsathematlcal
validation, and testing. In theugent article, 70% of the '

Table 6: Outcomes obtained from the suggested models foR 7¢.

Evaluator

Feature | Models Phase RMSE R? MAE n20 index | IOA
Train 0.282 0.958 0.215 0.752 0.989
XGB Validation | 0.319 0.935 0.247 0.560 0.983
Test 0.304 0.961 0.237 0.792 0.988
Train 0.339 0.939 0.256 0.673 0.984
GBR Validation | 0.375 0.912 0.307 0.560 0.977
Test 0.380 0.943 0.291 0.833 0.982
Train 0.243 0.970 0.194 0.726 0.992
XGTF Validation | 0.304 0.941 0.214 0.640 0.985
Test 0.257 0.972 0.195 0.792 0.992
Train 0.208 0.978 0.179 0.779 0.994
XGSA Validation | 0.247 0.961 0.208 0.720 0.990
Test 0.246 0.973 0.207 0.792 0.993
- Train 0.134 0.990 0.101 0.885 0.998
m XGTD Validation | 0.242 0.962 0.173 0.720 0.990
Test 0.198 0.987 0.159 0.917 0.995
. Train 0.079 0.997 0.058 0.956 0.999
XGVO Validation | 0.182 0.979 0.137 0.800 0.995
Test 0.158 0.991 0.116 0.958 0.997
Train 0.268 0.962 0.194 0.788 0.990
XGAH Validation | 0.268 0.955 0.206 0.680 0.988
Test 0.325 0.951 0.245 0.833 0.987
Train 0.311 0.949 0.268 0.673 0.987
GBTF Validation | 0.391 0.907 0.326 0.480 0.975
Test 0.338 0.957 0.277 0.625 0.986
Train 0.275 0.960 0.208 0.761 0.990
GBSA Validation | 0.335 0.930 0.272 0.600 0.982
Test 0.356 0.947 0.277 0.875 0.984
GBTD Train 0.230 0.972 0.179 0.814 0.993
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Validation | 0.306 0.941 0.245 0.640 0.985
Test 0.326 0.956 0.256 0.875 0.987
Train 0.236 0.972 0.155 0.894 0.992
GBVO Validation | 0.251 0.962 0.205 0.800 0.990
Test 0.263 0.968 0.208 0.833 0.991
Train 0.329 0.944 0.194 0.823 0.984
GBAH Validation | 0.311 0.944 0.232 0.680 0.985
Test 0.407 0.925 0.298 0.750 0.977
Train 0.157 0.987 0.118 0.885 0.997
GXTO Validation | 0.256 0.958 0.201 0.720 0.989
Test 0.232 0.980 0.194 0.958 0.993
Train 0.178 0.983 0.141 0.823 0.996
GXSO Validation | 0.272 0.953 0.235 0.640 0.988
Test 0.264 0.970 0.210 0.833 0.992
Train 0.205 0.978 0.169 0.735 0.994
GXTW Validation | 0.303 0.942 0.245 0.520 0.985
Test 0.245 0.977 0.198 0.833 0.993
Train 0.118 0.993 0.084 0.956 0.998
GXVA Validation | 0.193 0.976 0.162 0.720 0.994
Test 0.152 0.991 0.125 0.958 0.997
Train 0.227 0.973 0.166 0.841 0.993
GXAA Validation | 0.249 0.961 0.205 0.640 0.990
Test 0.277 0.965 0.234 0.875 0.990
Table 7: Comparison of the present study outcomes with recent studies famnd# A 7g
Bottom Statistical evaluator
Clearance Study Model R? RMSE
Linear Regression 0.984 0.272
Ayoubloo et al. [11] CART 0.971 0.340
0 T ANN 0.983 0.289
Ahmed et al. [24] Eq. @ 0.969 0.714
Present Study XGVO 0.988 0.112
Linear Regression 0.984 0.272
Ayoubloo et al. [11] CART 0.971 0.34
0 'QIg ANN 0.983 0.289
Ahmed et al. [24] Eq. ) 0.969 0.207
Present Study XGVO 0.997 0.079

As shown in Table 6, the XGVO model emerges asferformance observed during the training phase in
standout performer in this comprehensive evaluatiogpmparison to the validation and testing phases. This
consistently demonstrating exceptional predictiveuggests that while models ekaélearning from training
accuracy across multiple evaluators and phases. In tiiata, there may be challenges in generalizing their
training phase, XGVO ba#s the lowest RMSE value of predictions to unseen data. Nevertheless, models like
0.083 and the highesty of 0.993, indicating its XGVO maintain their excellence even in the testing phase,
extraordinary precision in modeling the Sc depth ratiignifying their robustness and ability to provide reliable
This trend continues in the testing phase, where XGV@redctions. The n20_index and IOA evaluators add
maintains its superiority with an impressively low RMSHEurther depth to the assessment. These metrics measure the
0f 0.112 ad a highY of 0.988. These outcomes underlineno d el s 8 agreement wi t h t he
XGVObs robust predi ct i v einsights ipptatheir ability to eapture thewaderlyinggatteirns a
compelling choice for modeling hydraulic phenomenén the hydraulic phenomenon. The hig0-index and
during water withdrawal processes in horizontal intake$OA values observed in XGVO across all phases
Other models also display remarkable performancenderscore its strong agreement with the actual data,
XGSO, for instance, achieves excelléyit and RMSE reinforcing its position as the tggerforming model.
values in the training phase (0.978 and 0.148, Table 7 shows the performance of developed models
respectively), emphasizing its ability to provide accurat#® predicting 6 '‘Q7¢. The revised interpretation
predictions. GBTD stands out in the training phase withighlights GXVA, XGSA, and XGTD as models with low
an RMSE of 0.172 and av of 0.970, sbwcasing its RMSE and high'Y , but does so by comparing their
competence in modeling Sc depth ratios. A prevailingglative statistical positions rather than declaring fixed
trend across all models and evaluators is the superruper i ori ty. Li kewise, XGVOOs
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and testingis discussed as an example of strongerms of potential generalization challenges rather than
generalization, but not as a repetitive assertion afefinitive shortcomings.
dominance. Models such as GBR and GBTF exhibit To support the comparative analysis more effectively,
higher errors, and their limitations are now framed ithe revised section explicitly examines how model
terms of potential generalization challenges rather thagerformance varies across phases, empimasitrends,
definitive shortcomings. spreads, and the magnitude of improvement among model
Table 7 shows the performance of developed modeatategories rather than repeating narrative conclusions.
in predicting 6 'Q¥c. The revised interpretation Fig. 15 presents a mu¥ plot summarizing the
highlights GXVA, XGSA, and XGTD as models with low metrics across all models and phases. This figure is now
RMSE and high'Y , but does so by comparing theirreferenced as a tool for visually interpreting trends,
relative statistical positions tedr than declaring fixed variance, and relative clustering of model accuracy rather
superiority. Likewise, XGNokisforgng anf predeteanmnedchierarchy.vibel figucea t i «
and testing is discussed as an example of strowffers a concise overview of model consistency, guiding
generalization, but not as a repetitive assertion oéaders toward identifying pattermather than focusing on
dominance. Models such as GBR and GBTF exhib#ingular outcomes.
higher errors, and theiinhitations are now framed in
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Figure 15: Scatter and radial bar plots for comparing the measured and predicted values.

Additionally, the outcomes of recent researchin R?> and XGVO was equal to 3 and 1 percent,
comparing the performance of the suggested models basesdpectively, and this difference in RMSE was equal to 86
on 2 and RMSE is presented in Tab& with the and 85percent.
favorable results in the present article attributed to XGVO. Subsequently, three models exhibiting the strongest
Comparing the present XGVO with the models obtainedverall performance within their groups (XGVO, GBVO,
by Ayoubloo et al[44], the highest and lowest values ofand GXVA) were selected for deeper comparative
2 and RMSE by Linear Regression differed2n by visualization. Fig. 16 shows scatter and radial bar plots,
1.5% and RMSE by 89%n addition, with the models illustrating the distribution of measured vs. predicted
introduced in the article by Ahmed et gR1] and values. In both output scenarios, XGVO demonstrates
Roushangar et g45], the difference between their resultssmaller deviation ranges, but these observations are now

framed as relative improvements within the evaluated set.
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Figure 16: Error percentage of models based orgymebol and histograsdistribution plots.

Figs. 17 and 18 depict the error distribution using linerror across validation and testing phases aftemgtro
symbols and density curves. The interpretation nowearning in training. For6 'Q7¥¢, all three selected
focuses on how error concentration, skewness, anthodels show comparable distribution patterns with
distribution ~ symmetry contribute to assessingarying dispersion widths.
generalization capability, rather than declaring categorical
superiority. In the case @ 1, models show reduced
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Figure 17: Error percentage of models based ondymebol anchistogramdistribution plots.
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Figure 18: Taylor diagram for the developed models.
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Fig. 19 presents the Taylor diagram for both targetpeatedly stating that one modelhsg best. XGVO and
outputs. The discussion has been edited to emphas@XVA cluster near the reference location, while GBVA
relative proximity to the reference point and statisticathows lower correlation and deviation.
similarity among strongerforming models, rather than
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Figure 19: Error percentage of developed models based oniblatf diagram.

Fig. 20 illustrateghe error percentage using kernelinform model evaluation, noting that XGVO and GBVO
density estimation. The revised explanation highlightexhibit narrower distributions anewtralvalues closer to
how density width, central tendency, and error spreagkrg without unnecessary repetition.

Figure 20: REC curve for the accuracy of selected models.

REC curves are illustrated in Fig. 21. This subsectioand error tolerance sensitivity across models,
is now reframed to focus on comparative slope behavidemonstrating that hybrid and ensernibigbrids



