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Abstract

This study investigates the final performance and convergence behavior of 14 optimization algorithms, three of which are
hybrids that combine derivative-based local search algorithms with several metaheuristics, for calibrating seven conceptual
rainfall-runoff models (CRRMs) over two watersheds in Turkey. The study employs three objective functions: Nash—Sut-
cliffe Efficiency (NS), log-transformed NS (LNS), and Kling-Gupta Efficiency. The TOPSIS multi-criteria decision-making
tool was used to rank the algorithms based on their performance across various levels of number of objective function calls
(NOFCs). The study findings highlight the differential responses of optimization algorithms to NOFC variations and offer
valuable insights into selecting suitable algorithms for CRRM calibration. Accordingly, as the NOFCs increased from 2500
to 10,000, differential evolution (DE) variants demonstrated remarkable adaptability, emerging as the top performers. In
contrast, conventional metaheuristics struggled with improvements despite the increase in function calls, primarily due to
premature convergence issues. Moreover, particle swarm optimization (PSO) variants endowed with mutation or derivative
schemes performed well at lower NOFCs, but as more extensive exploration became necessary, they showed diminish-
ing returns. The study underscores the superiority of DE variants, which include more complex mutation schemes or are
derivative-based, in long-run scenarios where both computational efficiency and calibration accuracy are important.

Keywords Conceptual rainfall-runoff models - Model calibration - Hybrid algorithms - The number of objective function
calls - TOPSIS

Introduction

Describing and modeling the relationship between rainfall
and runoff at the watershed scale is challenging due to several
meteorological, land cover, and soil-related parameters that
vary spatially and temporally. It is widely acknowledged that
models cannot be overly comprehensive in practice and must
offer a general approximation of various physical processes
in a basin, and within this context, conceptual rainfall-runoff
models are often preferred (Deng and Wang 2021). Even
though conceptual rainfall-runoff models (CRRMs) are
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sensitive to hydro-meteorological variability and temporal
resolution, it cannot be claimed that they demonstrate worse
runoff simulation performance than sophisticated distributed
models (Vansteenkiste et al. 2014). Nevertheless, CRRMs,
albeit simpler and requiring less data than physical models,
still need to be calibrated for precise runoff simulation
(Goswami and O'Connor 2007).

With the developments in informatics, the number of
papers examining and comparing optimization algorithms
for rainfall-runoff model calibration has begun to increase
(Piotrowski et al. 2017; Qin et al. 2018; Okkan and
Kirdemir 2020; Napiorkowski et al. 2023). Direct search
methods such as simplex and pattern search algorithms
have been some of the initial strategies evaluated in the
automatic calibration of CRRMs (e.g., Hendrickson
et al. 1988; Gan and Biftu 1996). In addition, Newton-
type derivative-based algorithms have been investigated
during the calibrating stages (e.g., Gupta and Sorooshian
1985), but some lack of robustness of such algorithms
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has been noted, and the main reason for this seems to be
poor conditioning of the response surface of the parameter
space of the models (Hendrickson et al. 1988). Thereafter,
understanding the non-convex structure of the calibration
problem within CRRMs, the sensitivities of both derivative
and direct search algorithms to initial parameter values,
and the predominance of their tendency to be trapped in
local minima have led hydrological model users to prefer
global optimization algorithms (GOAs) based on swarm
intelligence or stochastic evolutionary algorithms. Studies
on various genetic algorithm (GA) schemes and shuffled
complex evolution (SCE) algorithms in the calibration of
CRRMs are obviously prevalent (e.g., Duan et al. 1994;
Gan and Biftu 1996; Franchini et al. 1998; Cooper et al.
2007; Wu et al. 2012). Moreover, research papers examining
particle swarm optimization (PSO), differential evolution
(DE), covariance matrix adaptation evolution strategy
(CMAES), harmony search (HS), cuckoo search (CS),
invasive weed colonization (IWC), artificial bee colony
(ABC), dynamically dimensioned search (DDS), and more
recent metaheuristics in calibrating various CRRMs have
also gained attention (e.g., Goswami and O'Connor 2007,
Arsenault et al. 2014; Huang et al. 2014; Piotrowski et al.
2017, 2019; Okkan and Kirdemir 2020; Napiorkowski et al.
2023).

In rainfall-runoff modelling, present perceptions mostly
favor GOAs due to their overall robustness. The ability
of GOAs to capture the optimal solution within multiple
runs stands out compared to that of derivative algorithms
(e.g., Okkan and Kirdemir 2020). Despite their clear ben-
efits reported, GOAs may display late convergence when
calibrating CRRMs. Yet most of them can be considered
equivalent in terms of final performances, making it difficult
to identify which one is superior (Piotrowski et al. 2017).
Besides, these algorithms can be computationally costly
depending on the number of objective function calls (here-
inafter referred to as NOFCs) assigned and are vulnerable to
parameter dimensionality as well (Qin et al. 2018). There-
fore, some hydrologists have made some modifications to
derivative algorithms, motivated by the need for less com-
putational intensity and faster convergence. For example,
Qin et al. (2018) offered a robust algorithm by incorporat-
ing several heuristics into the conventional Gauss—Newton
algorithm to enhance its effectiveness in exploring optimal
solutions and performing well with challenging objec-
tive functions. Additionally, Okkan and Kirdemir (2020)
embedded the Levenberg—Marquardt (LM) algorithm,
which requires first-order partial derivatives of the residual
errors, into standard PSO in a nested manner, dramatically
improving the robustness characteristics of each algorithm
used in this hybridization. All these approaches aspire to
attain a comparable level of robustness as familiar GOAs
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while providing a notably reduced computational cost (i.e.,
NOFCs), thus resulting in enhanced overall efficacy.

As can be understood from CRRM calibration experi-
ences, the ranking of not only GOAs but also derivative
ones hybridized with various metaheuristics depends
largely on NOFCs and on convergence rates as well. To
the best of our knowledge, the issue of figuring out the
appropriate NOFCs has been rarely addressed in CRRM
studies. Arsenault et al. (2014) studied the average num-
ber of function calls required for a given algorithm to
reach roughly the best value of the objective function
throughout the entire search. Their work revealed that
near-optimal results were typically achieved within the
first half of the search process, with around half of cases
reaching this level within the 5000 function calls. Simi-
larly, Lespinas et al. (2018) found that in the calibration
of the ecohydrological model VELMA through the DDS
algorithm, the objective function improved rapidly up to
300 function calls, but after this point it enhanced slowly
until 10,000 function calls. In another recent study in
which Piotrowski et al. (2019) calibrated two CRRMs
with three modern metaheuristics, when using more than
10,000 function calls, merely a minor enhancement in
model performances has been detected, regardless of
study area or evaluated GOAs.

Motivated by all these findings, we made it our mission
to select suitable algorithms that converge quickly during
calibration of different CRRMs and deliver robust final per-
formances without incurring excessive NOFCs. Despite the
increasing use of automatic optimization algorithms in the
calibration phase of various hydrological models, the con-
vergence and ultimate performance of the algorithms have
not been thoroughly inspected in relation to the NOFCs. The
scant number of papers have concentrated on the efficacy
of individual algorithms rather than undertaking a system-
atic comparison of both hybrid and traditional ones under
varying NOFC conditions. This study addresses this gap by
conducting a systematic evaluation of both the convergence
behavior and final performance of hybrid metaheuristic
approaches that are developed with derivative schemes in
comparison to familiar global optimization algorithms over
multiple lumped hydrological models. Moreover, another
distinctive aspect of this study is that it has employed a
straightforward framework based on Technique for Order
of Preference by Similarity to Ideal Solution (TOPSIS)
in order to rank the algorithms used in model calibration
according to different metrics.

In this context, independent experiments were per-
formed on various CRRMs through given calibration algo-
rithms running under different NOFCs, and the algorithms
were subjected to a multiple criteria decision-making pro-
cess. More specifically, the objectives of this study are to.
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e benchmark the upgraded versions of the derivative LM
algorithm that utilize several metaheuristics against well-
known GOAs such as GA, SCE, two PSO variants, five
DE variants, ABC, and gray wolf optimizer (GWO) over
seven CRRMs, three objective functions, and two water-
sheds by setting NOFCs to 500, 1000, 2500, 5000, and
10,000,

e make empirical inferences about what the appropriate
number of function calls would be from traces of opti-
mization trajectories collected and,

e generate the decision matrix through the final perfor-
mance statistics (30-run mean values) and convergence
rates pertaining to each algorithm run for different objec-
tive functions and to rank the algorithms within them-
selves via the TOPSIS.

This study presents a novel investigation into the com-
parative convergence behavior and ultimate performance of
hybrid metaheuristic approaches, enhanced with derivative
schemes, against conventional metaheuristics under varying
NOFC conditions, applied across multiple lumped models.
A distinguishing aspect of the work is the integration of the
TOPSIS method to systematically rank the calibration algo-
rithms, thereby offering a robust framework for evaluating
algorithmic suitability.

The rest of the paper is structured as follows: Sect. 2 first
describes the study region and data. Afterward, it delivers

key information about the selected CRRMs, the objective
functions, the calibration algorithms utilized, the metrics for
testing their robustness, and the TOPSIS algorithm imple-
mented. Section 3 reports the results of the case study and
covers the discussions regarding the findings. The final sec-
tion draws the main conclusions.

Material and methods
Study area and data

Two watersheds, namely, Tahtali and Beydag, which are
located in the Kucuk Menderes River Basin (KMRB) in
western Turkey, are considered in this study (Fig. 1). Major
agricultural operations have recently been made for KMRB,
leading to higher water demand despite limited water avail-
ability. Therefore, the region has become one of the hotspot
study sites in Turkey where drought monitoring studies and
irrigation water management models are performed by vari-
ous researchers (e.g., Pusatli et al. 2009; Eris et al. 2020).
In this regard, efforts to establish hydrological models for
available watersheds in the KMRB and calibrate them opti-
mally might provide a basis for state-owned organizations
in the region.

The flow gauging stations representing Tahtali and Bey-
dag watersheds are station DO6A007 with a drainage area
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Fig. 1 The two study sites in the Kucuk Menderes River Basin, Turkey, and the location of the stations used
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of 513 km?, and station DO6A001 with a drainage area of
445 km?, respectively. After the dams were built on the rel-
evant tributaries, these flow gauging stations were no longer
operated. Yet, natural monthly streamflow data regarding
D06A007 and DO6A001 stations during the 1970-1988 and
1987-1999 water year periods could be obtained from the
General Directorate of State Hydraulic Works of Turkey.
In the calibration of the CRRMs for Tahtali watershed, the
first 10 years of 19-year natural streamflow data of station
DO06A007 were evaluated. For the Beydag watershed, the
first 7 years of the 13-year streamflow data compiled were
used in calibration. Thiessen-weighted precipitation (P)
and areal mean temperature (T,,.,,) data for the mentioned
periods were also compiled at monthly time scale to pre-
pare hydrological model inputs. When calculating potential
evapotranspiration (PET) values, which serve as the second-
ary input to the CRRMs, one may utilize empirical equations
like Penman—Monteith, which necessitate comparatively
more data. However, employing empirical equations based
on mean temperature also instills adequate confidence in
the calibration of lumped models. Although PET estimates
derived from an imperfect equation may differ substan-
tially from those derived from the reference formula Pen-
man—Monteith, these biases can be mitigated by adjusting
the conceptual parameters to the inputs during the calibra-
tion process of the hydrological model (e.g., Oudin et al.
2005; Seiller and Anctil 2016; Okkan et al. 2024). Therefore,
PET inputs were estimated utilizing the temperature-based
Kharrufa equation, which was locally calibrated, as imple-
mented by Xu and Singh (2001). Furthermore, according to
streamflow monitoring periods, the mean annual tempera-
ture and PET regime for both watersheds are around 16.0 °C
and 1450 mm, respectively. The mean annual precipitation
in the Tahtali watershed is 825 mm, which indicates that the
region is predominantly characterized by a dry sub-humid
climate. The Beydag watershed received nearly 485 mm of
annual mean precipitation during the streamflow observation
period, which implies that the study site is in a semi-arid cli-
matic zone. For the Tahtali watershed, one-third of the total
precipitation constituted total runoff, of which two-thirds
were observed in the winter season. Nevertheless, the Bey-
dag watershed experienced its maximal surface runoff coef-
ficient in April, while the overall runoff accounted for a mere
20% of the precipitation, as can be deduced from Fig. 1.

CRRMs

In the study, seven lumped CRRMs with different runoff
partitioning structures that have been successfully exerted
under both stationary and changing climate conditions were
selected (Fig. 2). They are the Témez model (Pérez-Sanchez
et al. 2022), the dynamic water balance model (Dynwbm)
(Zhang et al. 2008), the abcde model obtained by adding a
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parameter into the abcd model (Okkan and Kirdemir 2020),
the Gr2 m model (Mouelhi et al. 2006), the Australian water
balance model (Boughton 2004), a re-adapted version of the
Guo model (Pérez-Sanchez et al. 2019), and the Thornth-
waite water balance model (Twbm), in which groundwater
storage is incorporated (Elci et al. 2010). These models,
which necessitate P and PET inputs, depict the catchment
hydrology through a set of parametric functions that stand
for conceptual soil moisture, groundwater, and routing
storages. Parameter names and their value ranges used in
the calibration of the CRRMs are provided as supplemen-
tary material (see Table S1). All models were applied on a
monthly time scale so that they could also produce input for
the operating simulation of the two existing dam reservoirs.
The equations employed to simulate runoff components and
other intermediate variables for these models are given in
Figs. S1-S7. The variables represented by their acronyms in
these figures are also explicated in Table S2.

Objective functions

The Nash—Sutcliffe efficiency (NS) (Nash and Sutcliffe 1970)
and the Kling-Gupta efficiency (KGE) (Gupta et al. 2009),
which emphasize the general concordance between simulated
runoff values and observations, are widely employed model
assessment criteria. It has been pointed out that the NS and
KGE put more weight on high flows, while the logarithmic
version of Nash—Sutcliffe efficiency (hereinafter referred
to as LNS) prioritizes low flows (Pushpalatha et al. 2012;
Deng and Wang 2021). Thus, this study employed NS, LNS,
and KGE metrics to assess how optimization algorithms
responded to different objective functions. The values of
three metrics range from -oo to 1 (perfect fit), and the related
calculation formulas are summarized in Table 1. Since the
optimization algorithms in this study were set up to be adapt-
able to minimization problems, the following objective func-
tions were evaluated while calibrating CRRMs referred to in
the previous subsection:

fi=1-NS M
f»=1-LNS )
3, =1—-KGE ?3)

Although the theoretical minimum value of each objec-
tive function is 0, the true minimum value is unknown and
contingent upon the model and the data used.

Overview of optimization algorithms used

In the study, real-coded GA, SCE, two PSO variants, five DE
variants consisting of different mutation schemes, ABC, and
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Fig.2 Conceptual representations of seven CRRMs in different runoff partitioning structures. Details of the models and the meanings of the
symbols associated with this figure are provided as Supplementary Material

Table 1 Model evaluation criteria together with allowed ranges and
perfect match values

Criteria formula Allowable range  Perfect
match
n P :
NS = 1 — Zizi Qo g> (-0 to 1) 1
Tt (Q0=0,)
(! —1 2 -
LNS = 1 — 2z (02@)7lox0)) (-0 to 1) 1
XLy (og(@,,)-log (,))
KGE=1-VR-1?+@—- 1P +(@-17> (ol 1

where Q,; and Q,, ; are the observed and simulated runoff at the i" month,
respectively; 7 is the number of data points for the calibration or validation
period; R is the correlation coefficient between the observed and simu-
lated runoff values; Q,, is the mean values of the runoff observations; a
is the ratio of standard deviations of the simulated and observed monthly
runoff; f is the ratio of mean values of the simulated and observed
monthly runoft

GWO were employed. These were chosen due to their adapt-
ability to the calibration of CRRMs and their reputation
in the field of soft computing. As one might expect, there
would be sensitive parameters that govern all optimization
algorithms used. We either conducted several experiments
in tuning the hyperparameters or fixed them in runs by refer-
ring to past experiences or recommendations (Table S3).
Accordingly, the control parameters assigned for the GA,
PSO (chaotic random inertia weighted version), and ABC
algorithms are identical to those in the study performed by
Okkan and Kirdemir (2020). For the elitist-mutated variant
of PSO (referred to as PSOm), the procedure proposed by
Kang and Zhang (2016) was followed. The performance of
SCE is contingent upon the proper setting of only a few
control parameters, and the default values recommended by
Duan et al. (1994) were the preferable ones in this study.
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The GWO algorithm, which is one of the novel metaheuris-
tics that has not yet been preferred in CRRM calibration,
was applied as suggested by Mirjalili et al. (2014). Moreo-
ver, five DE variants with different mutation schemes were
adopted (Table S4). In the original DE algorithm (DE1),
in any gth generation, three chromosomes with different
sequence numbers are randomly selected from the popula-
tion (i=1, 2,...,Npgp), except for chromosome i, and the
mutant vector is obtained with a scaling factor SF. The DE2
variant launches the mutation process by combining the opti-
mal solution x,,, with two random chromosomes. The other
variant DE3 is an adapted version of the standard one with
five random chromosomes and two scaling factors (i.e., SF;
and SF,). Similarly to DE2, variant DE4 implements a local
search strategy that revolves around x,,,, but it contains two
scaling factors. The DES variant concentrates on the local
search around the ith chromosome, considering both the two
random chromosomes in the population pool and the finest
chromosome. In the DE variants, all operators except muta-
tion are implemented in the same manner as in standard
DEIl, and the recommendation by Leon and Xiong (2014)
was followed in the selection of their control parameters.
All of the algorithms above mentioned undertake global
optimization, yet they incur computational expense by con-
ducting a stochastic search. On the other hand, determinis-
tic ones like derivative-based algorithms converge fast but
may become trapped in local minima. Thus, new frameworks
have been also adopted that blend the advantages of sto-
chastic and derivative algorithms while circumventing their
shortcomings (Noel 2012; Okkan and Kirdemir 2020). As
per the same intention, the Levenberg—Marquardt (LM) algo-
rithm, which operates first-order partial derivatives of the
residual errors, was incorporated into PSO, DE, and GWO in
a nested form for this study. The proposed hybrid algorithms
follow a sequential nested structure, where the metaheuris-
tic component facilitates global exploration, while the LM
allows for refining the best solution and iteratively updates

C(r,t)=1—<

F,, —F()
F,p — F(0)

Fo, — F()

X e x e —
F,, —F(1—1)

e

the competent solution within the population. This combina-
tion aims to reduce the number of function calls required for
convergence compared to that of a standalone metaheuristic
while also soothing the risk of getting stuck in local minima
that derivative-based methods can encounter, preventing pre-
mature stagnation. While Fan et al. (2004) employed simi-
lar methodology that comprised the coupling of PSO with
the derivative-free Nelder—Mead method to analyze certain
multimodal test functions, the hybridization procedure fol-
lowed in the present study is schematized as a pseudo-code
in Fig. S8.

Consequently, a total of 14 optimization algorithms, three
of which are hybrid types (i.e., HPSO, HDE, and HGWO),
were employed to conduct calibrations of seven CRRMs.
As each optimization algorithm used is population-based,
the initial stage entails the establishment of a population
of candidate solutions. Each parameter within these solu-
tions is randomly assigned a value within its feasible range
(Table S1). While calibrating each CRRM, the algorithms
were run 30 times with those starting populations each time,
and the population size Npgp was set to 50 for each run.
The calibration experiments were repeated with a variety
of NOFCs, including 500, 1000, 2500, 5000, and 10,000, to
derive interpretations of the appropriate number of function
calls from multiple optimization attempts. It should be noted
that these values are set depending upon the iterative internal
process of the algorithms and whether they are subjected to
LM-based hybridization.

Performance rating of calibration algorithms

The study first obtained 30-run mean values of performance
metrics (i.e., F,,) for different NOFC sets, as was carried out
by Piotrowski et al. (2019). Additionally, it is essential to
measure the rate at which algorithms converge to the optimal
value during iterations. According to He and Lin (2016), the
convergence rate of an algorithm for ¢ generations is

1/t
) @)

F,, —F(1)
F,p — F(0)

where F(¢) is the objective function value reached when the
™ iteration is terminated. F,,, is the most suitable among the
optimal results achieved by the algorithms.

The above expression serves to determine the geomet-
ric convergence rate of any algorithm during given itera-
tions for the # run. Given that initializing the algorithms
with random parameter solutions would produce distinct
F(0) sets, the 30-run mean of convergence rates (C,,) was
regarded as descriptive statistics. To summarize, the final
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performance measure F,, along with C,, could be obtained
under a certain NOFC condition, while calibrating a con-
ceptual model using any algorithm.

The utilization of a multi-criteria decision-making proce-
dure was found necessary to analyze 14 X3 X2 =84 per-
formance metric values compiled for any CRRM and NOFC
variation. At this juncture, given the decision-making matrix
(D), it is feasible to rank the calibration algorithms by means
of TOPSIS method.
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Fm(l’fl) Fm(l’f2) Fm(l’fS) Cm(l’fl) Cm(l’fZ) Cm(l’fS)
D= Fm(.%.’fl) Fm(.%.’fz) Fm(]’f'i) Cm(.%.’fl) Cm(]’fZ) Cm(]vf'i)

Fm(k’fl) Fm(k’f2> Fm(k7f3) Cm(kvfl) Cm(k’fZ) Cm(k’f3)
&)
where the 30-run mean value of the pertinent objective func-
tion derived by calibrating any conceptual model with the j
algorithm that considers the minimization of f; is denoted
as F,, (j, f;). For the other elements of matrix D, the rows of
which are k= 14, the same notation is applicable.

While it is considered an effective instrument for rank-
ing hydrological models and global climate models (e.g.,
Raju and Kumar 2015), TOPSIS, the details of which are
given above, was adapted for this study in order to grade
optimization algorithms in the calibration of each CRRM.

The weighted normalized decision matrix is obtained
through multiplication of the z;; matrix, which is gener-
ated by normalizing each column in the D, with weights
w; (Eq. 6).

v = wizj,i,i =1,2,...,6 (6)

From that matrix, the ideal (Vi+) and non-ideal (V7)
values for each criterion are determined. Accordingly, in
the first three columns recapitulating the F,, criteria, V*
and V™ are the minimum and maximum values of the rel-
evant columns, respectively. Since the last three columns
display the mean convergence rates, their maximums are
the most ideal ones for the relevant criterion. Afterwards,
the Euclidean distances to the ideal and non-ideal points
are calculated for each candidate algorithm as follows:

)

d- = ®)

Lastly, the relative closeness to ideal values can be
determined (Eq. 9), which allows for the evaluation of
the overall performance of the j optimization algorithm
under any chosen NOFC while calibrating a CRRM.

dj‘
C}':m,0<cj<l,]=1,2,...,l4 (9)
J J

The C; values were sorted in descending order, resulting

in the rank of the highest value being 1. While applying

TOPSIS, the weighting scenarios in Table 2 were evaluated.

Results and discussion

Our study examines a total of 2940 variants: 7 conceptual
models X 3 objective functions X 14 calibration algorithms
X5 maximum number of function calls X2 watersheds.
All algorithm experiments were carried out in the MAT-
LAB environment to minimize the objective functions.
Considering the comprehensive chain of combinations, we
initially focused on inspecting the final and convergence
performances of the optimization algorithms in relation
to the NOFCs (Sect. 3.1-3.6). Subsequently, we assessed
the CRRMs from a hydrological standpoint (Sect. 3.7) and
addressed the limitations of the study (Sect. 3.8).

To what extent do final performances vary
depending on NOFCs?

Prior research has indicated that there is no apparent rela-
tionship between the performance of the conceptual models
on validation data and the NOFCs (Piotrowski et al. 2019).

Table 2 The criteria weights

) . weighting scenarios F,, C,

evaluated while applying

TOPSIS methodology 0 b 3 1 b f;
S1 1.0
S2 1.0
S3 1.0
S4 1.0
S5 1.0
S6 1.0
S7 1/3 1/3 173
S8 173 1/3 1/3
S9 1/6 1/6 1/6 1/6 1/6 1/6
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Fig. 3. 30-run mean values of the objective function f; over different
conceptual models adapted for the Beydag watershed when the maxi-
mum number of function calls were set to 500, 1000, 2500, 5000, and

Thus, only results that included metrics from the calibration
period data were taken into consideration when evaluating
the calibration skills of the 14 optimization algorithms. In
this section, the final performances of each calibration algo-
rithm, which were operated under distinct NOFC sets, were
separately provided for three objective functions. Yet, the
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10,000 during calibration. It was plotted using the values in Table S4,
except for those of Gr2m

fact that we obtained results from a multitude of variants led
us to include some of them in the Supplementary material.
Tables S5-S10 contain a summary of the results, featuring
the mean values of the objective functions (i.e., F,, statis-
tics) for all variants that were analyzed, calculated across 30
independent runs.
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To facilitate the visualization of the 30-run mean values
of the objective function f; in relation to varying values of
the NOFCs, a representative graph was provided (Fig. 3).
It is immediately apparent from Fig. 3 and supplementary
tables that the variability between algorithms in terms of
F,, decreases as NOFC increases, which is in line with the
findings of Piotrowski et al. (2017). Undoubtedly, these
results may not always reflect the same circumstance, as
revealed by Arsenault et al. (2014), since the choice of
algorithms will influence how the calibration turns out. Our
findings also demonstrate that the variability in question is
contingent upon CRRM. For instance, the optimal result
was easily achieved by any algorithm for two-parameter

Fig.4 The number of function

Gr2m, even using 500 function calls. Hence, the results of
this model are not included in Fig. 3. As can be seen from
the same figure, in the calibration of models such as abcde,
and Temez, most of the algorithms have tended to give
alike final performances as the NOFCs increased. However,
the algorithms' responses did not appear to be identical,
even when they operated with 10,000 function calls for the
rest of the CRRMs. Given that calibration algorithms may
need to be executed with greater NOFCs when obtaining
the optimal objective function value for any given CRRM,
it would be revealing to determine the appropriate number
of function calls from these calculated F), statistics. In this
regard, it was observed from Tables S5-S10 that, as of the

calls deemed sufficient for each (a)

St ! ¢ objective E
calibration algorithm over dif-
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2 8
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ferent cases (a: Beydag water-
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NOFCs in the rows corresponding to the bold values, the
related optimization algorithm has produced values that
are close to the optimal objective function value captured
for the conceptual model. An allowable tolerance level for
deviation from the optimal objective function value was
set at 5.0% during the process of deciding the adequate
number of function calls. In Fig. 4, the NOFCs that are
considered sufficient for each calibration algorithm in vari-
ous cases are denoted. Referring to Fig. 4, the following
observations can be drawn:

e In models such as Gr2m, Temez, and abcde which were
calibrated based on NS maximization (i.e., f; minimiza-
tion), all algorithms aside from ABC and GA produced
results that were mostly identical to the optimal value
with 500 to 1000 function calls. This may be attributable
to the fact that these models have fewer parameters or
have marginal interactions between parameters in com-
parison to other CRRMs utilized.

e Since the rainfall-runoff relationships for the Tahtali
watershed were better captured, the optimization algo-
rithms faced fewer challenges in calibrating the mod-
els. As a result, in many cases tested over the Tahtali
watershed, they tended to converge to the optimum with
slightly fewer NOFCs compared to those of the Beydag
watershed.

e What is particularly obvious in Fig. 4 is that hybrid algo-
rithms (i.e., HDE, HGWO, and HPSO) have yielded sat-
isfactory F,, statistics versus their basic counterparts for
even minimum of NOFCs, given the median values of
function calls between models. While Piotrowski et al.
(2019) and Arsenault et al. (2014) reported that using
3000-5000 function calls could be sufficient for calibra-
tion data in most cases, the hybrid algorithms secured a
high level of confidence in model calibration, even when
running with one-fifth of those NOFCs, making us query
whether longer calibration efforts might be a waste of
time. This inference is, of course, unique to NS maxi-
mization and may not be applicable to other objective
functions as a rule.

¢ In models including Dynwbm, Awbm, Guo, and Twbm,
the statistics of reaching the optimal solutions did not
seem satisfactory even if NOFC is set to 10,000 in at
least one or the GA, and SCE algorithms. This was even
more evident in the Beydag watershed experiments, and
especially in the Guo model, which adopted LNS maxi-
mization (i.e. f, minimization) and the Twbm, which pri-
oritized high flow simulation through NS maximization.

e Most of the algorithms being operated with LNS maxi-
mization have captured the optimal solution with 500-
1000 function calls across the models. But the fact that
monthly hydrological models are generally weak in low
flow simulations may pose additional challenges to the
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algorithms, as emphasized by Deng and Wang (2021). In
this regard, the limited capability of some models (i.e.,
Guo) to simulate low flows may have pushed the algo-
rithms to employ more function calls during calibrations.
e [t is apparent that while maximizing the KGE that com-
bines the three components, the inter-model variability
of the NOFCs required for the algorithms increased, and
their generalization became more elusive as well. That
is, balancing three aspects during calibration can be more
intricate than concentrating solely on the variance, as is
the case with NS. Nonetheless, it looks promising that
HPSO, one of the hybrids, and DE4, and PSO variants,
among the conventional GOAs, are capable of producing
robust results with reasonable numbers of function calls.

As for summarizing this subsection, it is obvious that
algorithms need to be executed with different NOFCs to
achieve stable final performances. Besides, the results get
influenced by the study area (i.e., in situ observations),
objective function, and conceptual model selection, which
all exacerbate uncertainty on algorithm settings. Indeed, it
is noteworthy that the HPSO and some basic GOAs (e.g.,
PSOm, and DE4) succeeded in achieving optimal results
with less calibration effort in most cases, with a few excep-
tions. Although all these give a preliminary inference in gen-
eral, the weighting in TOPSIS would serve as a bridge for
the integration of criteria with varying performances, thus
undertaking grading for all optimization algorithms used.

Understanding the optimization algorithms' final
performance via TOPSIS

The weighting scenarios to be used when evaluating the
decision matrix are specified in Table 2. If grading is solely
based upon the final performance (i.e., F,,), irrespective of
the rate of convergence, it would be feasible to interpret the
rankings using the S1, S2, and S3 scenarios, which assess
each objective function separately, as well as the S7 sce-
nario, which assigns equal importance to all three objective
functions. The implementation of TOPSIS yielded C; values
that were employed to rank the calibration algorithms within
themselves for each CRRM. To prevent the ranking from
being significantly influenced by minor differences in those
values, each value was rounded to one decimal place prior to
being arranged in descending order. In this study, the highest
rank (i.e., 1) was assigned to the largest C; value, and in the
event of tied values, the highest rank among the tied posi-
tions was uniformly allocated to each of the identical values,
as illustrated in Fig. S9. This figure exemplifies the ranking
of the optimization algorithms that calibrate CRRMs with
NS maximization in terms of the F, statistics. It is also clear
from Fig. S9 that hybrid-type algorithms have given high
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Fig.5 Ratings of calibration NOFC—500
algorithms operated with vary- S

ing numbers of function calls
over the Beydag watershed for
multiple TOPSIS scenarios. The
last column of each diagram
contains the overall mean of the
ranks derived from all scenarios
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ranks, and the inter-model variation of these rankings is
comparatively marginal. Yet, it has also been found that the
rank values pertaining to the algorithms may differ based on
either the NOFC level or the TOPSIS scenario used. There-
fore, in our study, where many different variations emerged,
we focused on overall mean values of the ranks assigned by
the algorithm to various CRRMs in order to forge a unified
perspective on TOPSIS scenarios that were conducted at
increasing NOFC levels. Accordingly, the overall ratings of
calibration algorithms that were applied at varying numbers
of function calls over the Beydag watershed for nine TOPSIS

Rank <3.5 (very good)
3.5<Rank <4.9 (good)
4.9<Rank <6.9 (satisfactory)
Rank > 6.9 (unsatisfactory)

scenarios are provided in Fig. 5. Besides, Fig. S10 is as in
Fig. 5, but it pertains to the Tahtali watershed.

To facilitate comprehension of the final performance of
optimization algorithms and to enhance the readability of
Fig. 5 and Fig. S10, boxplots were prepared using the aver-
age rank values regarding the scenarios S1, S2, S3, and S7
(see Fig. 6 and Fig. S11). One of the notable observations
from these figures is that HPSO, PSOm, and DE4 are much
more prominent throughout these four scenarios, particu-
larly when evaluating 500 and 1000 function calls. This is
also in accordance with the previous inferences that were
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Fig. 6 Boxplot comprising the ranks obtained from the S1, S2, S3, and S7 scenarios for the Beydag watershed. That is, each box diagram was

created using four rank values

made for Fig. 4. It has been emphasized by Piotrowski et al.
(2019) that the inclusion of excessive function calls does not
always enhance the calibration performance and may even
slightly deteriorate the performance regarding the validation
data, leading to a form of overfitting. Accordingly, these
algorithms, which can be executed with a minimal number
of function calls, may allow for modeling reliability during
both calibration and validation periods.

Another key finding is that as the number of function
calls increases from 2500 to 10,000, the DE variants, espe-
cially DE3, DES, and hybrid HDE, shift to the very good
category and even emerge as the top performers in all four
scenarios. Conversely, GA and SCE did not seem to ben-
efit as much from an increase in function calls. In fact, it
is reported that the adaptability of these well-known types
is typically restricted by the premature convergence issue
rather than by the choice of NOFC (Pandey et al. 2014).
Moreover, it is promising that the ranking of ABC tends to
improve slightly as NOFC increases, and perhaps it might
compete with others as the calibration time gets longer. In
summary, there might be some potential reasons why certain
algorithms leverage NOFC effects differently, resulting in
distinct performance profiles:

i. While certain algorithms need to be subjected to
extensive parameter tuning to perform well when run-
ning with a limited number of function calls, as the
number of function calls goes up, these algorithms
may have more opportunity to find better solutions
regardless of their fine-tuning needs.
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ii. Some algorithms, such as HPSO and PSOm, which
are equipped with mutation or derivative schemes
focusing on rapidly converging to the local optima,
can outperform others under a small number of func-
tion calls. Yet, their adaptation abilities may deterio-
rate somewhat when they are forced to do much more
exploration, which means visiting utterly new loca-
tions within the search space.

However, it should be noted that the above detection
varies depending on which algorithms the modifications
are made to. Given that DE algorithms have been previ-
ously demonstrated as a more viable option for hydrological
model calibration compared to PSO variants (Napiorkowski
et al. 2023), it might not be unexpected that some DE vari-
ants, such as HDE and DES, dynamically adapt to their con-
trol parameters due to increments in NOFCs and thus excel
in longer calibrations.

Convergence speed analyses

It has been reported in the literature that many optimiza-
tion algorithms can reach solutions of comparable qual-
ity, which raises the question of whether they are likewise
quick. Nonetheless, we implemented innovative hybrid
strategies and versatile mutation schemes with rapid con-
vergence features and sought to figure out whether their
convergence speed exceeded that of well-known GOAs.
While doing this, we again performed TOPSIS under
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Fig.7 Boxplot depicting the rank values of the S4, S5, S6, and S8 scenarios, which are explanatory for grading the algorithms’ convergence

speeds over the Beydag watershed

several conditions. Accordingly, scenarios S4, S5, and
S6 ranked the optimization algorithms for each objective
function based on their convergence speed, while scenario
S8 repeated similar operations, giving equal weights to
metrics regarding the three objective functions. Due to the
nature of different optimization algorithms, their conver-
gence speed rankings could be influenced in several ways
as the number of NOFCs increases, as evidenced by Fig. 5
and Fig. S10. Besides, boxplots were once again prepared
to more easily interpret the algorithm ranking regarding
scenarios S4, S5, S6, and S8 versus assigned NOFCs (see
Fig. 7 and Fig. S12). The subsequent remarks can be made
considering all of these figures:

e The increase in convergence speed with more function
calls has become more prominent in DE variants. Espe-
cially when the number of function calls is set to 2500 or
more, the DE4, which adopts a different mutation strat-
egy, has gained the capability to search for neighboring
solutions more densely around promising solutions, mak-
ing it stand out in terms of the exploitation mechanism.
Furthermore, DE3, DE4, DES, and HDE exhibited no
stagnation at 10,000 function calls, emerging as the most
convergent for nearly all four scenarios.

e Even though both HPSO and HDE used derivative-free
strategies for global search and then switched to the same
LM process for local refinement, they displayed vary-
ing convergence rates. This is due to the fact that they
need different NOFCs to balance the trade-offs between
the two intertwined stages of hybridization. Especially,
HPSO made rapid progress toward the optimal solu-

tions for 500—1000 function calls; however, it exhibited
diminishing returns in terms of convergence speed as
the number of NOFCs shifted up. Contrary to this, HDE
required much more function calls to efficiently exploit
the gradient information on its own. These have shown
that to influentially transition between derivative-free
and derivative methods within the hybrid structure and,
hence, overcome issues that slow down convergency, it
might be necessary to employ a variable number of func-
tion calls, ranging from 500 to 10,000.

e Another significant observation is that PSOm maintained
its ranking in the very good category for convergence up
to 2500 function calls. With increasing function calls,
PSOm may have stagnated around the local optima and
encountered challenges in exploring new regions of the
search space. However, it was able to reach the conver-
gence provided by DE4, using fewer function calls, and
was found to be as fast as HPSO and even more adaptable
to more intricate objective functions such as KGE.

Ranking optimization algorithms by considering
both criteria

Thus far, it has been revealed that the scenario selection
notably influences one or more of the hybrid algorithms or
DE variants. In this subsection, TOPSIS facilitated the algo-
rithm ranking process by considering both the final perfor-
mance and the convergence speed simultaneously. TOPSIS
operated with scenario S9 allowed for the incorporation of
equal weighting for each criterion, enabling us to avoid the
probable biases that could arise from the use of any singular
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Fig.8 Performance ratings of each algorithm at various NOFC levels based on all possible criteria. As the size of the slices in any bar expands,

the algorithm's success rate diminishes

scenario. Figure 8 provided a more nuanced understanding
of the performance of each optimization algorithm in com-
parison to others by utilizing the S9 scenario rank values
from Fig. 5 and Fig. S10. Accordingly, GA, SCE, GWO,
and ABC were the worst performers for nearly all NOFCs
and presumably displayed a weak capacity for navigating
the solution space, which, in turn, impeded their general
efficacy.

Additionally, DE4, DES, and HDE demonstrated an
increasing trend of performance enhancement up to 5000
function calls, after which they kept their gradings in the
very good category. In contrast, HPSO outperformed these
DE variants during the initial phases (i.e., 500 and 1000
function calls), making it a superior option for situations
where optimal calibration time would be a consideration.
But it was unable to maintain this advantage in longer runs in
which more NOFCs were chosen. On the other hand, PSOm
appeared to be more balanced at function calls ranging from
500 to 5000, whereas HPSO, HDE, and certain DE variants
offered superior ratings in more limited NOFC ranges. All
these findings are somewhat consistent with those that were
previously made in Sects. 3.2 and 3.3. Essentially, the fact
that optimization algorithms, such as HPSO, HDE, DE4,
DES, and PSOm, are graded as very good at certain NOFC
levels in terms of both final and convergence performances
is due to their well-balanced behaviors. Cuevas et al. (2014)
highlighted that achieving a balance between visiting new
points, i.e., exploration, and refining previously visited loca-
tions is one of the expected features of optimization algo-
rithms. Therefore, the aforementioned methodologies may
be considered viable in this context. Nevertheless, the model
user’s choice should be guided by the specific demands of
the calibration task. To summarize, it is possible to assert
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that both PSOm and HPSO would be rather ideal if the
CRRMs are parsimonious, as in this study. In the event that
the hydrological model calibration is influenced by prob-
lem dimensionality and non-convexity, HDE, DE4, and DES
might be more suitable, provided that there is sufficient com-
putational capacity and time.

Overall hypothesis testing for NOFCs

Given that the 14 optimization algorithms evaluated in this
study are all stochastic based, it is usual that the solutions
pertaining to the hydrological model calibrations may vary
between NOFC conditions and even with respect to each
other. As seen in the study, any optimization algorithm run
under a certain NOFC setting could give 30 independent
results. Having stored these for all variations, non-paramet-
ric Mann—Whitney U (MW) test was applied for pairwise
comparison at 5% significance level, and it was questioned
whether the performances of the algorithms under differ-
ent objective functions came from the same distribution.
Accordingly, the frequencies of the cases of being from the
same distribution (H,, hypothesis) are shown in Fig. 9.

As can be clearly seen from Fig. 9, while the variability
between the algorithms'outputs is more pronounced at low
NOEC levels (i.e. 1000), the ultimate performance similar-
ity between the algorithms presents a more consistent pat-
tern when NOFC is set to 10,000. On the other hand, when
watershed-based comparison is made, the readily establish-
ment of rainfall-runoff relationships over Tahtali watershed
makes the differences between the algorithms less marked.
In addition, GA and SCE algorithms could not show similar-
ity with the other algorithms even at high NOFCs, and this is
line with those mentioned in the previous sections. However,
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Fig.9 Pairwise similarity matrix of optimization algorithms based on MW results over two NOFCs. Green shades indicate high similarity, while

red shades indicate significant differences

it should be noted that MW can examine the distribution
identity of the ultimate performances of the algorithms.
Considering that there are cases where the convergence rate
may weaken at high NOFCs, it is usual that the algorithm
performance rankings attributed in the previous sections do
not completely overlap with the MW results.

Final performance stability via bootstrap confidence
interval analysis

To further assess the reliability and consistency of the final
performance of the calibration algorithms, bootstrap con-
fidence intervals (CIs) were derived on the means of the
normalized indices under two sample NOFC conditions
(1000 and 10,000). The 95% confidence intervals obtained
using 10,000 bootstrap samples could give a preliminary
idea about the stability and uncertainty of the calibration
algorithms at two different NOFC levels. The results for the
Beydag watershed are presented in Fig. 10, while those for
the Tahtali case are shown in Fig. S13.

According to the findings, especially in the Beydag water-
shed, setting NOFC to 1000 gives relatively wide Cls as
expected, which re-emphasizes the uncertain performance of
some algorithms at different objective functions. A similar
trend is observed for the Tahtali case, yet the findings seem
to be slightly more stable than those in Beydag. As NOFC
increases up to 10,000, the CIs tend to narrow and indicate
that higher NOFCs often contribute to more stable solutions.

However, while increasing NOFC levels increased stability,
they did not completely eliminate the variability in the final
performance of the algorithms.

Performance comparison of CRRMs

As each algorithm has the potential to produce optimal
parameter sets in at least one of the available runs, it would
be beneficial to conduct a more thorough examination of
the results from a hydrological standpoint. Therefore, this
section investigated the trade-offs between LNS and NS
and inquired as to which conceptual models generated more
robust simulations. Investigating these trade-offs helps to
identify the CRRMs that not only capture the general behav-
ior of the watershed system but also ensure low—high flow
accuracy, ultimately leading to more hydrologically sound
decisions for the study regions.

The extent to which a calibration based on LNS maximi-
zation affects the metrics obtained with NS-based calibration
is questioned through the 7 criterion proposed by Nash and
Sutcliffe (1970). This criterion refers to the proportion of
the initial variance unaccounted for by the model calibrated
with NS maximization, and the extent to which this is then
attempted to be accounted for by the model calibrated with
LNS maximization can be examined (Egs. 10 and 11).

r2(NS) = 100 X (NS, — NS;1)/(1 — NS,) (10)
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Fig. 10 Bootstrap confidence intervals (CIs) for the means of normalized indices in Beydag watershed under two NOFCs

r*(LNS) = 100 x (LNSp, — LNS;,)/(1 — LNS;y) (11)

Besides, we interpreted the NS and LNS ratings of the
CRRMs according to Moriasi et al. (2007): <0.50 (Unsat-
isfactory), 0.501-0.65 (Satisfactory), 0.651-0.75 (Good),
0.751-1.00 (Very Good). Table 3 summarizes general per-
formance ratings provided by the models for the calibration
and validation periods when NS or LNS maximization are
chosen as the objective function. Accordingly, most of the
models performed in the Beydag watershed are assessed as
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good as for their NS performances during the calibration
period when the objective function is set to f;. Although
there are several CRRMs that can be rated as very good in
respect to the same criterion during the validation period for
this study region, it is important to note that the Dynwbm
based on the Budyko framework yielded very good simula-
tions during both periods. The fact that all models calibrated
in the Tahtali watershed with the same objective function
have produced runoff simulations that fell into the very
good category in all periods indicates that the rainfall-runoff
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Table 3 Comparative performance metrics of models calibrated using NS and LNS maximization, highlighting calibration and validation ratings

in (a) Beydag watershed and (b) Tahtali watershed

(a)
f Criteria abcde Awbm Dynwbm Gr2m Guo Temez Twbm
NSca 0.725 0.678 0.790 0.654 0.664 0.676  0.743
% NSua 0.823 0.673 0.793  0.804 0.731 0.743  0.722
NS.a 0472 0459 0.727 0.286 0.211 0.180  0.255
/ NSy 0436  0.551 0.707 0.532 0.065 0.480 0.470
f Criteria  abcde Awbm Dynwbm Gr2m Guo Temez Twbm
7 LNS.. 0462  0.268 0.587 0.193 0.240 0.227  0.333
LNS,, 0.493 0.315 0.591 0.354 0.337 0.255  0.265
7 NS, 0.688  0.560 0.692  0.605 0.644 0486 0.614
" LNSw 0743 0646 0770 0727 0663 0.527  0.635
(b)
f Criteria abcde Awbm Dynwbm Gr2m Guo Temez Twbm
NS 0.848  0.857 0.812 0.851 0.844 0.808  0.845
/i NSy 0.924  0.882 0.934 0.946 0.862 0.895 0.861
NSea 0.577 0.786  0.640 0.616 0.388 0.629  0.813
/ NSy 0.636  0.902 0.856 0.754 0.376 0.883  0.839
f Criteria  abcde Awbm Dynwbm Gr2m Guo Temez Twbm
LNS.a 0.801 0496 -0.623 -0.011 -0.003  0.650 0.864
% LNS,u 0.858  0.880 -1.405 0.891 0.570 0.656  0.912
LNS . 0.828  0.668 0.827 0.658 0.739 0.826  0.885
% LNS,u 0.877 0912 0.825 0.701 0.899 0910 0918

I:l Very Good I:l Good

relationship can be better established for this watershed. Sev-
eral factors can be responsible for the disparities in the per-
formance of CRRMs over two neighboring watersheds, even
if they are in proximity. As noted by Xu and Vandewiele
(1994), increasing the calibration data length from five years
to ten years in monthly rainfall-runoff models can markedly
enhance the models' capacity to generate stable simulations.
They also highlighted that extending the calibration sample
length from 10 years to 15 or 20 years did not yield a nota-
ble enhancement. The relatively short length of the natural
streamflow observations for the Beydag watershed where

I:l Satisfactory I:l Unsatisfactory

the calibration process carried out with only 7 years of data
may have resulted in slightly poorer simulation performance
for this region.

Table 3 clearly demonstrates that most of the models tend
to exhibit unsatisfactory LNS performances for the Beydag
watershed, provided that they are calibrated so as to maxi-
mize NS. This is because this objective function focuses on
high flows that contribute more to the overall variance. For
the Beydag watershed, the Dynwbm demonstrated a distinct
superiority over the other models regarding NS statistics and
produced LNS values that can be considered satisfactory,
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with a value of nearly 0.6. Besides, in the Tahtali watershed,
the parameter estimates of the abcde and Twbm models cali-
brated through NS maximization were found to precisely
simulate low flow conditions during both the calibration
and validation periods. Olsen et al. (2013) stated that modi-
fications to model structures may be more essential than
the selection of objective functions for enhancing low flow
simulations. The incorporation of an additional parameter
into the original groundwater storage functions within the
Dynwbm, abcde, and Twbm models appears to indirectly
align with the inference posited by Olsen et al. (2013).

While the objective function was f,, the CRRMs were
oriented towards minimizing errors in low flow simulations
at the expense of potentially failing to represent high flow
events, and this choice resulted in an apparent deterioration in
the NS values (Table S11). This is attributed to the tendency
of peaks to flatten out through the logarithmic transforma-
tion of streamflow data (Krause et al. 2005). Nevertheless, the
degree to which LNS maximization influences NS statistics
is not always the case, and the trade-offs may be pretty minor
for certain models. For example, the NS values yielded by the
Dynwbm calibrated with LNS maximization in the Beydag
watershed during the calibration and validation periods are
0.727 and 0.707, respectively, which are deemed to be of good
quality. As for the Tahtali watershed, the calibration exercises
conducted in a manner that prioritizes low flows have resulted
in the models being categorized as either good or very good
in terms of LNS performances, which is a more plausible
outcome than that of the Beydag watershed.

Given that the reservoir operation processes in the two
watersheds where monthly rainfall-runoff relationships are
modeled with various lumped approaches are conducted
independently of the provision of ecological flows during
dry periods, it is anticipated that the inflows simulated with
only the conceptual parameters providing NS maximization
will constitute sufficient input to the operational studies of the
existing reservoirs. Particularly, even when f; is chosen as the
sole objective function, the Dynwbm for the Beydag water-
shed and the abcde and Twbm for the Tahtali watershed are
the models that provide the NS-LNS balance and can allow
for a robust representation of the overall hydrological regime.

Study limitations

Although this study covers a broad scope, it has certain limi-
tations. One key limitation is the fixed NOFCs used in the
experiments. While multiple NOFC levels (i.e., 500, 1000,
2500, 5000 and 10,000) were tested, the study neglects to
investigate adaptive NOFC strategies. Some auto-tuning strat-
egies embedded into evolutionary algorithms using fuzzy
logic control have adopted dynamic strategies to balance
exploration and exploitation phases, reducing unnecessary
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function calls by adjusting control parameters based on the
convergence behavior (Lin and Gen 2009). Those adaptive
strategies can improve the calibration efficiency of CRRMs by
avoiding premature convergence and assuring comprehensive
exploration of the solution space. By restricting NOFC to pre-
defined values, this study may not fully leverage the potential
of adaptive strategies, where fewer or more function calls
might be required depending on model complexity. Further-
more, while this research focuses on conceptual rainfall-runoff
models, future studies should investigate the effectiveness of
such adaptive strategies in calibrating more physically based,
parameter-intensive models, where optimizing the number of
function evaluations could be even more critical due to their
more complex and demanding calibration requirements.

Conclusions

This study explored the calibration of seven CRRMs using
14 optimization algorithms across two watersheds in Tur-
key, benchmarking both hybrid and standard metaheuristic
algorithms in terms of final performance and convergence
speed. Unlike previous studies that focus solely on individ-
ual algorithm efficiency, this research systematically bench-
marks hybrid metaheuristic algorithms against conventional
optimization methods in the calibration of seven CRRMs.
This allows for a comprehensive comparative assessment
across different algorithmic families. Prior studies often
overlook the relationship between NOFC and calibration
performance. This study uniquely explores how different
NOFC levels (500-10,000) influence convergence behav-
ior and final performance, providing valuable insights into
the computational efficiency of calibration processes. The
results align with, and in some cases diverge from, previ-
ous research, providing novel insights into model calibra-
tion practices. The study yielded the subsequent empirical
findings:

1. Consistent with Qin et al. (2018) and Okkan and Kir-
demir (2020), hybrid algorithms incorporating deriva-
tive-based strategies achieve robust solutions with sig-
nificantly fewer function calls compared to conventional
metaheuristics. This demonstrates the computational
advantages of hybridization in reducing calibration effort
while maintaining high accuracy.

2. As the number of function calls (NOFCs) increased, DE
variants proved highly adaptable, outperforming other
algorithms. In contrast, traditional metaheuristics faced
challenges due to premature convergence. While some
PSO variants performed well with fewer function calls,
their relative effectiveness declined as more extensive
exploration was required. Overall, DE variants, particu-
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larly those with advanced mutation schemes or deriva-
tive-based approaches, excelled in balancing efficiency
and accuracy in long-run scenarios.

3. This study is one of the first applications of the TOP-
SIS decision-making framework to rank optimization
algorithms for hydrological model calibration. This
multi-criteria evaluation approach enables a balanced
assessment of both final performance and computational
efficiency, which has not been systematically imple-
mented in previous hydrological optimization studies.

4. Achieving a balance between high and low flow simu-
lations was also integral to the success of model cali-
bration. In the present study, the Dynwbm model effec-
tively balanced both NS and LNS metrics within the
Beydag watershed, while the abcde and Twbm models
exhibited a similar equilibrium in the Tahtali water-
shed, reflecting robust performance under varying flow
conditions. Olsen et al. (2013) emphasized that struc-
tural modifications to models are often more influential
in enhancing low flow simulations than the mere selec-
tion of alternative objective functions. By integrating
additional parameters related to groundwater storage
in these models, we indirectly responded to the rec-
ommendation of Olsen et al. (2013), facilitating these
models'capacity to establish a comprehensive balance
between NS and LNS metrics.

In summary, this study focuses on investigating the impact
of NOFCs on convergence and final performance trade-offs,
which has been rarely addressed in previous hydrological
model calibration studies. Questioning how different opti-
mization algorithms respond to changing NOFC conditions
on hydrological models run with various objective functions
and the TOPSIS strategy adopted to rank these algorithms
according to the multiple scenarios combining different
metrics will provide meaningful insights to hydrological
model users. Nevertheless, future research should explore
the application of adaptive NOFC strategies, particularly in
more complex hydrological models, despite studies confirm-
ing that lumped and distributed models can lead to similar
accuracy (e.g., Vansteenkiste et al. 2014).
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