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Abstract

Many engineering problems require optimizing multiple conflicting objectives simultaneously, necessitating efficient exploration of 

the design space for balanced solutions. The Water Strider Algorithm (WSA) is a robust metaheuristic technique that demonstrates 

superior performance compared to traditional evolutionary algorithms. This study evaluates two multi-objective variants of WSA: the 

Grid-based Multi-objective Water Strider Algorithm (GMOWSA) and the Non-dominated Sorting Water Strider Algorithm (NSWSA). 

Both variants incorporate a selection mechanism that archives and prioritizes high-quality solutions, emulating the natural behavior 

of water striders. The proposed methods are tested on nine multi-objective benchmark functions and three construction engineering 

optimization problems to assess their effectiveness. Comparative analysis against three state-of-the-art algorithms demonstrates 

that GMOWSA and NSWSA achieve competitive results, showcasing their potential for solving complex multi-objective optimization 

challenges in engineering applications.
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1 Introduction
Many engineering and scientific applications involve opti-
mizing multiple, often conflicting, objectives simultane-
ously  [1]. Unlike single-objective optimization, which 
seeks a single optimal solution, multi-objective optimiza-
tion aims to find a set of Pareto-optimal solutions, none of 
which can be improved without compromising another [2].

Meta-heuristic algorithms are widely used for optimiza-
tion problems [3–5]. These methods efficiently find good, 
though not necessarily optimal, solutions. While solution 
quality is not guaranteed, meta-heuristics can be highly 
effective when well-suited to the problem.

Multi-objective optimization (MOO) addresses prob-
lems with conflicting objectives, seeking a Pareto-
optimal set of solutions rather than a single optimum. 
Multi-objective algorithms, such as multi-objective 
vibrating particles system (MOVPS) [2], Non-dominated 
Sorting Genetic Algorithm (NSGA-II)  [6] and Multi-
objective Particle Swarm Optimization (MOPSO)  [7], 
Multi-Objective Ant Lion Optimizer (MOALO)  [8], 
and Multi-objective Colliding Bodies Optimization 

(MOCBO) [9], are some of the well-known metahuristics 
in solving multi-objective problems [10, 11].

The Water Strider Algorithm (WSA) is a nature-in-
spired metaheuristic optimization algorithm that mim-
ics the social behavior and foraging strategies of water 
striders in their natural habitat  [12]. The Water Strider 
Algorithm (WSA) has shown promise in single-objec-
tive optimization. The original WSA simulates the move-
ment, mating, and predation avoidance mechanisms of 
water striders to solve complex optimization problems. 
The algorithm employs a population-based approach, 
where individuals represent water striders, and their 
positions are updated based on interactions such as ter-
ritorial behavior, ripple communication, and feeding pat-
terns. Since its inception, several variants of WSA have 
been proposed to enhance its performance, including the 
Improved Water Strider Algorithm (IWSA)  [13], which 
incorporates adaptive parameters and chaotic maps to bal-
ance exploration and exploitation. Another version is the 
Binary Water Strider Algorithm (BWSA)  [14], designed 
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for discrete optimization problems by modifying the posi-
tion update rules. Overall, WSA and its variants have 
demonstrated competitive performance in diverse appli-
cations, including engineering design [13], image process-
ing and machine learning [15]. A multi-objective version 
of the Water Strider Algorithm (MOWSA) [16] has been 
presented, which integrates elitist non-dominated sorting 
and crowding distance mechanisms into the original WSA 
to create MOWSA.

This study introduces two multi-objective variants for 
Water strider algorithm called NSWSA and GMOWSA, 
which enables WSA to deal with multi-objective optimiza-
tion problems. Similar to MOWSA, NSWSA employs elit-
ist non-dominated sorting and crowding distance mecha-
nisms while incorporating an external archive to preserve 
diversity and expedite convergence. A roulette wheel 
selection mechanism guides the search towards promis-
ing regions. In contrast, GMOWSA employs the non-dom-
inated sorting principles and grid-based selection mech-
anism to have a front of various solutions. The proposed 
algorithms are evaluated on nine benchmark functions and 
three real-world construction engineering problems (two 
spatial truss dome problems, a time-cost-risk trade-off 
project scheduling problem, and a construction site layout 
planning problem). Both variants demonstrate competitive 
performance compared to state-of-the-art algorithms.

The rest of this article is organized as follows:
Section  2 provides a background on multi-objective 

optimization (MOO) fundamentals, including concepts 
like problem formulation, Pareto dominance, optimality, 
optimal sets, and fronts. After an explanation of the WSA, 
Section  3 introduces the proposed algorithms, NSWSA 
and GMOWSA. Section  4 evaluates the proposed meth-
ods using numerical examples. The application of the pro-
posed algorithms in engineering optimization problems 
provided in this section, and Section 6 concludes the paper 
and outlines potential future research directions.

2 Preliminaries
In this section, the concepts of MOO problems, non-dom-
inated sorting and crowding distance concepts, grid-based 
selection mechanisms and brief description of the original 
WSA algorithm is presented.

2.1 Basic definitions for MOO
Multi-objective optimization compares solutions based on 
multiple criteria (objectives)  [17]. Such problems can be 
formulated as a minimization problem:

min , , , , ,
x oF x f x f x f x f x
�

� � � � � � � � � � � �� �
�

    

1 2 3
	 (1)

such that:

g x e Ee
� � � � �0 1 2, , , , , 	 (2)

h x i Ii
� � � � �0 1 2, , , , , 	 (3)

L x U v Vv v v� � �, , ,... ,1 2 	 (4)

where F(x) is the optimization variables vector, o is the 
number of objective functions, I is the number of inequal-
ity constraints, E is the number of equality constraints, 
ge is the e-th equality constraints, hi indicates the i-th 
inequality constraints, and [Lv , Uv ] are the boundaries of 
v-th variable.

Relational operators are not efficient in comparing the 
solutions of multi-objective problems. In this case, there 
must be other operators. For simplicity, we define the fun-
damentals of multi-objective optimization (minimization) 
as follows:

Definition 1 (Pareto Dominance) Considering two vectors 
like: � � �� �
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The Pareto optimality's definition is presented as follows 
[18, 19]:

Definition 2 (Pareto Optimality [17]) A solution ��
x

X  
is assumed Pareto-optimal if and only  if:

�� � �� �y x y
X | .

	 (6)

Definition  3 (Pareto optimal set) The set all Pareto-
optimal solutions is defined as follows:

P Xs x y x y
� � �� � �� �, | .  	 (7)

Definition 4 (Pareto optimal front) A set including the val-
ues of objective functions for Pareto solutions set:

P f Pf x x s� �� � ��� �| . 	 (8)

A solution is Pareto optimal if no other solution in the 
search space dominates it. Such solutions are also known 
as non-dominated.
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2.2 The grid-based diversity maintenance mechanism
To maintain diversity within a limited archive size, an 
adaptive grid-based mechanism is employed. This mech-
anism divides the two-dimensional coordinate space into 
small boxes to assess the distribution of the Pareto optimal 
front [20].

2.2.1 Grid setting
The extreme values of the objective functions (F1 (min-
imum value ( f

1

min) and maximum value ( f
1

max)) and F2 
(minimum value ( f

2

min) and maximum value ( f
2

max))) can 
be determined from the current archive set. All optimal 
individuals can be plotted in a two-dimensional coordi-
nate system  [20]. The  grid division, which depends on 
the number of non-dominated solutions, ensures that all 
squares are achievable.
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The feasible region divided into NQ × NQ pieces, and the δF1
 

and δF1
 are the square lengths in F1 and F2 objective direc-

tions. Those optimal individuals scattered on those pieces 
need to keep specific distribution properties to ensure the 
Pareto front's diversity distribution [20]. For each optimal 
individual, it satisfies:
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After sorting all optimal individuals by objective F1 from 
the smallest to largest {1, 2, 3, ...}, the grid setting for the 
ith individual has to fulfill the following equation:
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2.2.2 Grid based diversity maintenance mechanism of 
Pareto front
In case that the number of Pareto optimal individuals 
exceeds the archive size, a mechanism is required to keep 
elite individuals considering the limited size of the archive 
set. The grid-based diversity mechanism determines 
whether a newly generated solution can be added to the full 
archive. The newly generated individuals (j1 and j2 ) cannot 
be added to the archive set if they are dominated by the 
Pareto optimal individuals (i1 and i2 ), as seen in Fig. 1 [20].

If both the newly generated individual ( j3 ) is in 
the same grid with Pareto optimal individual (i3 ), the 
diversity distribution of the Pareto front determines 
which one is replaced  [20]. The main procedures of 
Grid-based mechanism:

Step 1: Add the newly generated individual to the 
archive set, determine the number of individuals in each 

grid k k k ki NQ1 2
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Step 3: Calculate the density degree of these individu-
als with the following metrics:
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Fig. 1 Grid-based diversity maintenance mechanism of Pareto front



928|Kaveh et al.
Period. Polytech. Civ. Eng., 69(3), pp. 925–943, 2025

Step 4: Select the individual with the largest density, and 
remove this individual from the archive set; then, the 
archive set can be maintained appropriately to a particu-
lar extent. Especially when the newly generated individual 
has a better minimum value in F1 or F2 , this new individ-
ual can be added directly to the archive, and the person 
with the highest density should be removed.

3 The proposed multi-objective algorithms
This section outlines the GMOWSA and NSWSA algo-
rithms. We begin with a brief overview of the Water 
Strider Algorithm (WSA), followed by a detailed descrip-
tion of the proposed methods.

3.1 WSA
The overall process of WSA consists of five steps, 
i.e., birth, territory establishment, mating, feeding, death, 
and succession [12]. Each step is described below, along 
with the corresponding mathematical expressions.

3.1.1 Birth
Water striders emerge from eggs laid on the water's sur-
face. To simulate this, initial positions for the water strid-
ers (WSs) are generated randomly using the Eq. (13):

WS LB Ub Lb i nwsi
0

1 2� � � �� � � �rand , , , , , 	 (13)

where WSi
0 denotes the ith water strider's initial position. 

Ub – Lb are the upper and lower boundaries of the bottom 
and top allowed values, respectively; rand is a uniformly 
distributed number in range [0, 1]; nws is the number of 
WSs. The fitness of the WSs' position on the lake is calcu-
lated using an objective function.

3.1.2 Territory establishment
WSs maintain territories for living, mating, and feeding. 
The following procedure is used to establish the nt number 
of territories and assign WSs to the territories. Initially, 
WSs are sorted according to their fitness and are separated 

into 
nws
nt

 bunches orderly. The jth member of each bunch 

is located in the jth territory, where j  =  1, 2, ..., nt. 

Consequently nws
nt

 number of WSs reside within each ter-

ritory. The fittest water strider in each territory is desig-
nated as the female (optimal foraging habitat), while the 
least fit is the male (keystone).

3.1.3 Mating
Mating is a crucial step in the water striders' life cycle. 
The  keystone emits courtship signals, and the female 

responds with either attraction or repulsion signals. 
The  chance of sending an attraction response is p, and 
consequently (1 – p) is the chance of sending a repulsion 
signal. To simplify the analysis, p is set to 50%, since the 
female's response is unpredictable. If the female sends 
an attraction ripple, the pair moves towards each other 
and mates. As  shown in Fig. 2  (a), a circle wave is con-
sidered. The new position will be set to a location among 
them after mating, resulting in a new offspring position 
(Fig. 2 (b)). The male will be mounted by the female, then 
dismounted and pushed away, if the female declines the 
request, as depicted in Fig. 2 (c). The keystone's new posi-
tion will be calculated by Eq. (14), regardless of whether it 
mates or is repelled.

Fig. 2 The position updating and mating behavior of the water striders 
(a) description, (b) description, (c) description

(c)

(b)

(a)
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where WSi
t represents the position of ith WS in the tth 

cycle; rand is a random number in range [0, 1]; R is a vector 
pointing from the male's position WSi

t�� �1  to the female's 
position WSF

t�� �1  within the same territory. The  female 
is selected using a mechanism like the roulette wheel. 
The length of R is equal to the Euclidean distance between 
the male WSi

t�� �1  and female WSs WSF
t�� �1  (the radius of 

ripple wave) as shown Eq. (15) and Fig. 2 (a).

R WS WSF
t

i
t� �� �1 1
. 	 (15)

3.1.4 Feeding
After mating or repulsion, the WSs must feed to recover. If the 
objective function value at the new position is higher than the 
previous value, the water strider has successfully found food. 
However, if the value is lower, the WSs must move towards 
the optimal habitat with the highest fitness. This is achieved 
using Eq. (16), which updates the position based on the best 
WS of the lake WSBL

t� �, as illustrated in Fig. 3.

WS WS WS WSi
t

i
t

BL
t

i
t� � � � �� �1

2rand . 	 (16)

3.1.5 Death and succession
The outcome of the feeding process is determined by 
evaluating the objective function and comparing it with 
the previous position. If the new value is lower, indicating 
less food, the water strider perishes. A new larva replaces 
the deceased water strider, assuming the keystone role 
and being randomly placed in the territory, as defined by 

Eq.  (17). However, if the new value is higher, the water 
strider survives.

WS Lb Ub Lbi
t

j
t

j
t

j
t� � � � �� �1

2rand . 	 (17)

Ubj
t  and Lbj

t  are the maximum and minimum values of 
WS 's position inside jth territory. They define the bound-
aries of the territory where the WS died.

3.1.6 Termination of WSA
The algorithm's final step is to verify the termination cri-
terion. The algorithm terminates and returns the optimal 
position found if the criterion is satisfied. The algorithm 
repeats the mating step for a new cycle of life and region 
formation if the criterion is not satisfied. The termination 
criterion for all problems is the maximum number of func-
tion evaluations (MaxNFE) in this paper. Alternatively, 
other criteria such as the maximum number of cycles 
(MaxCycle) can be applied as a termination criterion for 
WSA. Algorithm 1 shows the WSA's pseudo-code.

Fig. 3 Foraging behavior (a) Foraging: When a water strider doesn't 
find sufficient food at its new position, it seeks out food resources, 

(b) Movement towards the best strider: The water strider moves towards the 
best-performing water strider on the lake to find optimal feeding grounds

(a) (b)

Inputs: nws, nt, MaxCycle
Outputs: The best position of WSs and their objective 

values
Randomly generate the initial population by Eq. (13)
Evaluate the fitness value of WSs
while (t < MaxCycle) do
     Divide the WSs intot number of territories and 

assign them 
     for (each territory) do
          The male keystone sends mating ripples, and 

the chosen female responds with an attraction or repul-
sion signal.

          Update the position of keystone based on the 
female's response and Eq. (14)

          Evaluate the new position to search for food to 
recover the energy spent during mating

          if (keystone does not find food) then
               Forage for food resource and move to the food-

rich territory by Eq. (16).
               if (keystone does not find food again) then
                    The starving keystone will die from hunger 

or be killed by the resident keystone of the new territory.
                    A matured larva will take the place of the 

dead keystone as the successor defined by Eq. (17).
               end
          end
     end While
Return WS optimal

 Algorithm 1 WSA
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3.2 NSWSA
This section describes the Non-Dominated Sorting Water 
Strider Algorithm (NSWSA). The main steps of NSWSA 
are as follows:

Step 1: Similar to other meta-heuristics, the initial 
positions of the water striders are randomly generated.

Step 2: The fitness value of each agent is evaluated 
using the objective functions in each iteration.

Step 3: The external archive stores non-dominated 
solutions and guides agent updates. New, non-domi-
nated solutions are added to the archive, while domi-
nated members are removed. The archive size is limited. 
To maintain a limited archive size, a secondary mecha-
nism is employed. If a new solution dominates an exist-
ing archive member, the dominated member is replaced. 
To assess solution diversity, the objective function space 
is discretized into grids. Solutions are sorted by objective 
function value, and distances between consecutive points 
are calculated.

Step 4: Choose the elite water striders using the 
Roulette wheel selection mechanism.

Step 5: Updating the positions of the agents using the 
Eqs (14–17).

Step 6: The optimization process terminates after a 
fixed number of iterations (MaxCycle). If this condition is 
not met, Steps 2 to 4 are repeated. The final Pareto front 
approximation is represented by the positions and objec-
tive values of the "bestsol" solutions.

3.3 GMOWSA
This section extends the basic WSA method to handle 
multi-objective problems by introducing a Grid-based 
multi-objective water strider algorithm (GMOWSA). 
The following steps outline the GMOWSA algorithm.

Step 1: GMOWSA initializes parameters and ran-
domly generates initial agent positions (solutions) in the 
search space.

Step 2: According to each agent, the process starts calcu-
lating the objective function value f x f x f xm1 2� � � � � � �� �, , , .

Step 3: Saving in the external archive and selection 
of leader.

The external archive stores non-dominated solutions 
to guide water strider updates. New, non-dominated solu-
tions are added to the archive, while dominated solutions 
are removed. To maintain a limited archive size, a second-
ary mechanism is employed. The objective function space 
is divided into hypercubes. Non-dominated solutions are 

assigned to their corresponding hypercubes based on 
their objective function values. In a minimization prob-
lem, only the solution closest to the lowest left corner of 
each hypercube is retained. A leader selection identifies 
the best water strider.

Step 4: Eqs (14–17) evaluate the new position of 
each agent.

Step 5: The optimization process stops after a fixed 
number of iterations (MaxCycle). Otherwise, Steps  2–4 
are repeated.

4 Validation of the proposed algorithms
The proposed algorithms was evaluated against well-known 
optimization algorithms on nine benchmark functions and 
two structural design problems. These problems are typi-
cally tackled as single-objective, but this research employs 
a multi-objective version with two conflicting objectives.

The algorithms were coded in MATLAB  9.7 
(R2019b)  [21]. Experiments ran on a Quad-core Intel 
CORE i7-1065G7 CPU (2  GHz) with 16  GB RAM on 
Windows 10.

4.1 The evaluation metrics
Multi-objective optimization algorithms generate an 
approximate Pareto front of non-dominated solutions. 
To assess the quality of these solutions, evaluation metrics 
are essential. However, due to the conflicting and incom-
parable nature of objectives, evaluating solution quality is 
challenging. While visual inspection is suitable for prob-
lems with 2 or 3 objectives [22], quantitative indexes are 
necessary for general assessment. This paper employs the 
following five indexes:

4.1.1 Inverted generational distance (IGD)
The IGD metric evaluates how well an approximate Pareto 
front approximates the true Pareto front. It calculates the 
average distance from each point on the true front to the 
nearest point on the approximate front  [23]. Lower IGD 
values indicate better approximation quality.

IGD � �� i

n
id

n
1

2

.
	 (18)

Here, n represents the number of true Pareto optimal solu-
tions, and di denotes the Euclidean distance between a true 
Pareto optimal solution and its nearest obtained Pareto 
optimal solution in the reference set. Unlike the standard 
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IGD, where distance is calculated for every true solution, 
here, the distance is calculated for every obtained solution 
relative to the reference set.

4.1.2 Spacing (S)
This metric indicates the evenness of solution distribution 
along the known Pareto front.

S
d d

n
d

d
n

i

n
i i

n
i�

�� �
�� �� �1

2

1, ,
	 (19)

where di represents the Euclidean distance from the ith 
solution to its nearest neighbor on the known Pareto front. 
A smaller S indicates a more uniform distribution of 
non-dominated solutions.

4.1.3 Maximum spread (MS)
The MS measures the distance between the boundary 
solutions of the known and true Pareto fronts:

MS �

�� � � �� �
�

�

�
�
�

�

�
�� i

m i i i i

i i

f F f F
F F1

min max
max max min min

max min
��
�

2

m
,

	

(20)

where m is the number of objectives, fi
max and fi

min  are 
maximum and minimum values of the ith objective in 
known pareto front, respectively. Similarly, Fi

max and Fi
min 

are maximum and minimum values of the ith objective 
in true pareto front. A larger MS value indicates a better 
spread of solutions.

4.2 Mathematical test functions
The performance of GMOWSA and NSWSA was val-
idated on nine benchmark functions with known Pareto 
fronts (Table 1). These functions include bi-objective and 
tri-objective problems with varying complexities: convex, 
disconnected convex, non-convex, and non-uniformly dis-
connected non-convex. Table 1 also specifies the number 
of variables (Dim) and their bounds for each function.

GMOWSA and NSWSA were compared to stat-of-
the-art algorithms in (MOALO, NSGA-II, and MOPSO). 
The  same parameter settings as in the original papers 
were used for all algorithms. Table  2 summarizes these 
parameter settings.

All algorithms used a population size of 50 and 200 iter-
ations. All algorithms were limited to 1,000 fitness func-
tion evaluations. To ensure statistical significance, 30 inde-
pendent runs were conducted for each problem. Statistical 
tests were employed to assess differences in algorithm 
performance. For each problem size and algorithm, data 
normality was evaluated using the Kolmogorov–Smirnov 
test. Because all p-values were below 0.05 – indicating that 
the datasets are not normally distributed – the Friedman 
test was used to compare the mean ranks of the five algo-
rithms (with the null hypothesis stating that all algorithms 
perform equally and the alternative hypothesis stating that 
at least one algorithm performs differently). A significance 
level of 0.05 was applied, and the computed H-value was 
compared against the critical value from the chi-square 
(χ2 ) distribution, based on the appropriate degrees of free-
dom. With five algorithms (k = 5), the critical value from 
the χ2 table is 9.49.

Table 3 summarizes the statistical results of, S, and 
MS for all algorithms, including GMOWSA and NSWSA. 
The Friedman test confirms that the differences among 
the five algorithms are statistically significant across all 
nine problems.

Boldface indicates the best result for each metric and 
problem. Looking at ZDT1, ZDT2, ZDT3, ZDT4, and 
ZDT6 as well as the DTLZ problems, it will notice that 
no single algorithm dominates every metric. For example, 
while NSWSA is often among the best for IGD on several 
problems (e.g., ZDT3 and ZDT6), other metrics on differ-
ent problems favor MOALO or GMOWSA. This variabil-
ity indicates that an algorithm's strength can depend on the 
problem's characteristics and the aspect of performance 
being emphasized.

4.3 Truss structure instances
4.3.1 A 120-bar dome truss
To evaluate the performance of GMOWSA and NSWSA 
on structural optimization problems, two structural prob-
lems with two conflicting objectives were considered. 
All algorithms used a population size of 50 and 300 iter-
ations. The primary objectives in structural multi-objec-
tive optimization are minimizing weight and displacement 
under design constraints [24]. Fig. 4 illustrates a 120-bar 
truss with element groups.

Material properties: elasticity  =  30,450  ksi 
(210 GPa), density = 0.288  lb/in3 (7971.81 kg/m3 ), yield 
stress  =  58.0  ksi (400  MPa). The dome is subjected 
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to vertical loads at: –13.49  kips (–60  kN) at node 
1, –6.744  kips (–30  kN) at nodes 2–14, –2.248  kips 
(–10 kN) elsewhere. Element areas range from 0.775 in2 
(5 cm2 ) to 20.0 in2 (129 cm2 ). Pipe sections (a = 0.4993, 
b = 0.6777) are used for radius of gyration (ri ) calculation 
r ari i

b�� �  [2]. AISC provisions  [25] are used to impose 
stress constraints on the members.

The allowable tensile stresses for tension members are 
calculated as:

� �
� �

i y i

i i

F�

�

� �
�

�
�
�

��

0 6 0

0

.
,

for

for
	 (21)

where Fy is the yield strength. Compression members can 
fail through elastic or inelastic buckling. The allowable 
stress limits for these failure modes are:

Table 1 Mathematical test functions

Function Shift position Dim Objective functions

ZDT1 [0, 1] 30

ZDT2 [0, 1] 30

ZDT3 [0, 1] 30

ZDT4 10

ZDT6 [0, 1] 10

DTLZ2 [0, 1] 12

DTLZ4 [0, 1] 12

DTLZ5 [0, 1] 12

DTLZ6 [0, 1] 12
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Table 2 Parameter settings of the algorithms

Algorithm Parameter value

NSGA-II

Mutation probability 0.1/dim

Crossover probability 0.9

External archive size 100

MOPSO

Inertia weight 0.4

External archive size 100

nGrids 30

Leader selection pressure 4

GMOWSA

nGrid 12

pt 3

pro 0.5

NSWSA
pt 3

pro 0.5
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Table 3 Statistical results of the mathematical test functions

Function Metric Algorithm Average Srandard deviation Rank P-value χ2 Significant difference

ZDT1

IGD

MOPSO 0.0397 0.0041 4.70

1E-4 104 Yes

MOALO 0.0110 0.0015 1.00

NSGA-II 0.0343 0.0026 3.50

GMOWSA 0.0358 0.0066 3.77

NSWSA 0.0201 0.0044 2.03

Spacing

MOPSO 0.0109 0.0004 3.43

1E-17 111 Yes

MOALO 0.0115 0.0012 3.57

NSGA-II 0.0337 0.0027 5.00

GMOWSA 0.0071 0.0009 1.87

NSWSA 0.0060 0.0003 1.13

MS

MOPSO 0.7789 0.1105 4.73

6E-18 111 Yes

MOALO 0.8499 0.1077 2.97

NSGA-II 0.7902 0.1460 4.20

GMOWSA 0.9188 0.0702 1.05

NSWSA 0.8901 0.0896 2.05

ZDT2

IGD

MOPSO 0.0235 0.0031 4.72

1E-5 82 Yes

MOALO 0.0201 0.0049 4.05

NSGA-II 0.0123 0.0020 2.27

GMOWSA 0.0125 0.0015 2.30

NSWSA 0.0113 0.0014 1.67

Spacing

MOPSO 0.0074 0.0006 1.18

2E-18 113 Yes

MOALO 0.0100 0.0005 4.00

NSGA-II 0.0101 0.0005 5.00

GMOWSA 0.0081 0.0004 1.95

NSWSA 0.0087 0.0002 2.87

MS

MOPSO 0.9121 0.0987 3.30

2E-19 120 Yes

MOALO 0.9329 0.0898 1.63

NSGA-II 0.9420 0.0898 3.30

GMOWSA 0.9720 0.0695 2.13

NSWSA 0.9320 0.0898 4.63

ZDT3

IGD

MOPSO 0.0622 0.0052 4.87

2E-16 80 Yes

MOALO 0.0427 0.0074 2.43

NSGA-II 0.0500 0.0074 3.38

GMOWSA 0.0481 0.0080 2.95

NSWSA 0.0357 0.0026 1.37

Spacing

MOPSO 0.0110 0.0012 4.85

2E-16 113 Yes

MOALO 0.0086 0.0008 2.47

NSGA-II 0.0106 0.0008 4.15

GMOWSA 0.0087 0.0006 2.53

NSWSA 0.0078 0.0005 1.00

MS

MOPSO 0.9320 0.0898 2.17

0 113 Yes

MOALO 0.9020 0.0908 4.83

NSGA-II 0.9120 0.1010 4.17

GMOWSA 0.9420 0.0807 1.00

NSWSA 0.9320 0.0813 2.83
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Headline Metric Algorithm Average Srandard deviation Rank P-value χ2 Significant difference

ZDT4

IGD

MOPSO 0.0679 0.0086 3.85

3E-6 31 Yes

MOALO 0.0609 0.0058 2.83

NSGA-II 0.0639 0.0092 3.33

GMOWSA 0.0638 0.0055 3.27

NSWSA 0.0529 0.0087 1.72

Spacing

MOPSO 0.0168 0.0011 5.00

2E-19 114 Yes

MOALO 0.0107 0.0014 2.97

NSGA-II 0.0137 0.0010 4.00

GMOWSA 0.0096 0.0013 1.55

NSWSA 0.0095 0.0007 1.48

MS

MOPSO 0.9820 0.0711 3.00

0 120 Yes

MOALO 0.9720 0.0698 4.00

NSGA-II 0.9639 0.0693 5.00

GMOWSA 0.9939 0.0324 1.00

NSWSA 0.9901 0.0396 2.00

ZDT6

IGD

MOPSO 0.0699 0.0061 3.85

3E-6 31 Yes

MOALO 0.0671 0.0067 2.83

NSGA-II 0.0689 0.0061 3.33

GMOWSA 0.0620 0.0080 2.27

NSWSA 0.0596 0.0060 1.72

Spacing

MOPSO 0.0198 0.0022 4.67

3E-10 108 Yes

MOALO 0.0191 0.0019 3.43

NSGA-II 0.0193 0.0017 3.90

GMOWSA 0.0170 0.0008 2.00

NSWSA 0.0150 0.0007 1.00

MS

MOPSO 0.9801 0.0294 3.97

0 118 Yes

MOALO 0.9701 0.0281 4.97

NSGA-II 0.9801 0.0362 3.07

GMOWSA 0.9901 0.0199 2.00

NSWSA 0.9984 0.0082 1.00

DTLZ2

IGD

MOPSO 0.0423 0.0044 4.97

1E-9 95 Yes

MOALO 0.0183 0.0021 1.43

NSGA-II 0.0295 0.0052 3.80

GMOWSA 0.0226 0.0028 2.73

NSWSA 0.0207 0.0029 2.07

Spacing

MOPSO 0.0071 0.0004 1.32

1E-5 43 Yes

MOALO 0.0072 0.0006 1.68

NSGA-II 0.0111 0.0006 5.00

GMOWSA 0.0082 0.0006 4.00

NSWSA 0.0078 0.0006 3.00

MS

MOPSO 0.8581 0.0591 5.00

0 43 Yes

MOALO 0.8981 0.0489 4.00

NSGA-II 0.9101 0.0408 2.03

GMOWSA 0.9100 0.0306 2.97

NSWSA 0.9300 0.0305 1.00
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Headline Metric Algorithm Average Srandard deviation Rank P-value χ2 Significant difference

DTLZ4

IGD

MOPSO 0.0431 0.0082 4.67

1E-9 103 Yes

MOALO 0.0245 0.0045 1.67

NSGA-II 0.0395 0.0097 4.40

GMOWSA 0.0308 0.0064 3.10

NSWSA 0.0225 0.0018 1.37

Spacing

MOPSO 0.0117 0.0016 4.10

0 116 Yes

MOALO 0.0104 0.0012 2.75

NSGA-II 0.0125 0.0023 4.90

GMOWSA 0.0103 0.0011 2.25

NSWSA 0.0092 0.0009 1.00

MS

MOPSO 0.9305 0.0314 4.97

0 119 Yes

MOALO 0.9315 0.0327 4.03

NSGA-II 0.9365 0.0225 3.00

GMOWSA 0.9666 0.0124 2.00

NSWSA 0.9965 0.0111 1.00

DTLZ5

IGD

MOPSO 0.0564 0.0144 4.63

0 109 Yes

MOALO 0.0389 0.0083 2.85

NSGA-II 0.0534 0.0089 4.33

GMOWSA 0.0341 0.0038 2.18

NSWSA 0.0273 0.0028 1.00

Spacing

MOPSO 0.0294 0.0041 4.92

0 115 Yes

MOALO 0.0278 0.0030 4.08

NSGA-II 0.0268 0.0029 2.85

GMOWSA 0.0267 0.0028 2.15

NSWSA 0.0243 0.0028 1.00

MS

MOPSO 0.8965 0.0314 4.90

2E-16 110 Yes

MOALO 0.9112 0.0365 2.10

NSGA-II 0.9152 0.0362 1.10

GMOWSA 0.9112 0.0353 3.00

NSWSA 0.9082 0.0333 3.90

DTLZ6

IGD

MOPSO 0.1227 0.0139 5.00

1E11 119 Yes

MOALO 0.0941 0.0125 3.93

NSGA-II 0.0840 0.0060 3.07

GMOWSA 0.0583 0.0027 2.00

NSWSA 0.0535 0.0039 1.00

Spacing

MOPSO 0.0352 0.0053 3.85

1E10 88 Yes

MOALO 0.0369 0.0063 4.87

NSGA-II 0.0339 0.0050 2.72

GMOWSA 0.0330 0.0046 1.58

NSWSA 0.0324 0.0030 1.98

MS

MOPSO 0.9882 0.0121 1.00

0 119 Yes

MOALO 0.9893 0.0110 2.07

NSGA-II 0.9893 0.0103 2.93

GMOWSA 0.9999 0.0001 4.00

NSWSA 0.9999 0.0001 5.00
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where E is the modulus of elasticity, λi is the slenderness 

ratio �i
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, k is the effective length factor (here is 1
 

for all members), Li is the member's length; and ri is the 
minimum radius of gyration.

Two primary objectives was minimized: structural 
weight and maximum nodal displacements. Since the 
true Pareto front is unknown, the performance metrics 
defined previously are inapplicable. Each algorithm was 
run 20 times, and the best result is presented graphically. 
Fig.  5 shows that the non-dominated solutions obtained 
by GMOWSA and NSWSA dominate other metaheuristic 
algorithms. The average computational time per run was 
171 s for GMOWSA, 173 s for NSWSA, 185 s for MOALO, 
186 s for MOPSO, and 198 s for NSGA-II.

4.3.2 A 582-bar truss
A 582-bar tower truss (Fig.  6), symmetrically divided 
into 32 groups is considered [9, 26]. Cross-sectional areas 
of elements (variables) selected from a discrete set of 
W-shaped standard steel sections based on the area and 

Fig. 4 120-bar dome truss schematic

Fig. 5 Pareto front for 120-bar dome truss

Fig. 6 Spatial 582-bar tower truss schematic
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radii of gyration properties, range from 6.16 to 215  in2. 
(i.e.,  between 39.74 and 1387.09  cm2 ). The structure is 
subjected to lateral loads of 1.12 kips (5.0 kN) in both x 
and y directions, and a vertical load of –6.74 kips (−30 kN) 
at all nodes. Design adheres to AISC specifications [25], 
with maximum slenderness ratios of 300 for tension mem-
bers and 200 for compression members. The modulus of 
elasticity is E = 29,000 ksi (203893.6 MPa) and the steel's 
yield stress of Fy = 36 ksi (253.1 MPa).

The two primary objectives are to minimize the total 
structural volume and maximum nodal displacements. 
Fig.  7 compares the Pareto fronts obtained by MOALO, 
NSGA-II, MOPSO, GMOWSA, and NSWSA. The Pareto 
fronts obtained by GMOWSA and NSWSA are competitive 
with, and even GMOWSA dominate, those of MOALO, 
MOPSO, and NSGA-II in many regions. The average com-
putational time per run was 3619  s for MOALO, 3757  s 
for MOPSO, 3914 s for NSGA-II, 3427 s for NSWSA, and 
3397 s for GMOWSA.

4.4 Project Scheduling Problem
4.4.1 Time, Cost And Risk trade-off (TCRT) project 
scheduling
In this problem, a project is represented as an activi-
ty-on-node network G = (A), where A is the set of N activi-
ties. Activities 0 and N + 1 are dummy activities represent-
ing the project start and finish, respectively. P is the set of 
all paths in the network, and Pl is the set of activities in 
path l ϵ P. Each activity i ϵ A has multiple execution meth-
ods, each with its own duration Di , cost Ci , and resource 

requirement Ri . The TCRT problem aims to optimize the 
combination of execution methods and the slack time for 
non-critical activities to balance time, cost, and risk [27].

The first objective is to minimize the total project 
duration, ZT:

min max min ,
, , , ,

Z FT ST DT i N i i N i i� � � � �� �
� � � �1 1

	 (23)

where STi and FTi are the start and finish times of activ-
ity  i, respectively. The STi values are decision variables. 
Project duration is determined by precedence constraints 
and activity durations. Precedence constraints are defined 
by the project information, while activity durations are 
determined by the selected execution methods.

The total project cost comprises direct costs (DCs), 
indirect costs (ICs), and tardiness costs (TCs). The second 
objective is to minimize the total project cost:

min ,ZC i

N
i
S

i
S

i
Si i i� � �� ��� 1

DC IC TC 	 (24)

where DCi
Si, ICi

Si, and TCi
Si are the direct, indirect, and tar-

diness costs, respectively, of activity i for a chosen exe-
cution method (Si ) and N is the number of activities. IC is 
proportional to the project duration (ZT ), IC = C0 + b × ZT , 
where C0 is the initial cost and b is the daily indirect cost. 
TC is a penalty for project delays.

A "risk value" integrates total float and resource fluc-
tuation. Total float, the maximum delay allowable without 
project delay, can mitigate risks associated with non-crit-
ical activity delays. A safe float range can minimize 
risks associated with non-critical activity delays [28–30]. 
However, construction schedules often suffer from 
resource fluctuations, hindering practical, efficient, and 
risk-free implementation. To mitigate these fluctuations, 
construction managers adjust schedules to optimize 
resource utilization. Non-critical activity float can be used 
to achieve this. The third objective is to minimize total 
project risk, calculated as:

min
max
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(25)

where TFcurrent is current total float; TFmax is maximum 
total float (which all activities' start at earliest STs); Rt is Fig. 7 Pareto front of algorithms on 582-bar tower truss problem
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required resource amount on day t of the project, R̅t is uni-
form resource level, and w1 and w2 weights for the impor-
tance of total float and resource fluctuation, respectively.

A larger total float reduces the risk of schedule delays. 
A smoother resource profile, closer to the uniform resource 
level R, also reduces risk. This study focuses on a deter-
ministic environment with known input data. It assumes 
all objective functions are quantified and uses average 
resource consumption.

This research studied a numerical construction proj-
ect to analyze the efficacy of the proposed GMOWSA and 
NSWSA in addressing the TCRT problem. The outcomes 
were compared to MOALO, NSGA-II, and MOPSO. 
The project involved ten construction activities and two 
dummy activities, each with multiple execution methods. 
The project involved ten construction activities and two 
dummy activities, each with multiple execution methods. 
This case was presented by  [27] and includes 10 activi-
ties with different execution modes. Table 4 outlines the 
precedence relationships and the resource usage, dura-
tions, and costs of each option (mode). Each combination 
of methods influences project performance, requiring a 
comprehensive search for optimal trade-offs among dura-
tion, cost, and risk.

To ensure statistical statistical significance, 20 indepen-
dent optimization runs were conducted. The weights for 
the risk factors were set as w1 = 0.6 and w2 = 0.4, reflecting 
their relative importance.

This case study was conducted using NSWSA, 
GMOWSA, MOALO, MOPSO, and NSGA-II. Fig. 8 illus-
trates the Pareto fronts achieved by NSWSA, GMOWSA, 
MOALO, MOPSO, and NSGA-II. The  time-cost Pareto 

highlights the trade-off between project funding and dura-
tion. However, projecting the three-dimensional Pareto 
onto two dimensions can obscure some non-dominated 
solutions. To ensure a fair comparison, all algorithms used 
a population size of 50, an iterations number of 300, and the 
same number of function evaluations. Both GMOWSA and 
NSWSA demonstrate competitive performance compared 
to the other algorithms. The range of time, cost, and risk 
deviations for GMOWSA (28–45 days, 34,600$–58,700$, 
and 5.17%–16.41%) and NSWSA (28–48  days, 
35,300$–58,700$, and 5.17%–16.86%) is comparable 
to that of MOPSO (28–46  days, 34,600$–58,700$, and 
6.11%–16.94%), MOALO (28–46 days, 34,700$–58,700$, 
and 5.17%–16.94%), and NSGA-II (28–46  days, 
35,300$–58,500$, and 6.26%–16.16%). These results 
highlight the effectiveness of GMOWSA and NSWSA 
in optimizing the three conflicting objectives of project 
time, cost, and risk.

Table 4 Activities information for the scheduling problem [27]

activity predecessor
Option I Option II Option II

duration 
(days) cost ($) resourse 

(worker)
duration 

(days) cost ($) resourse 
(worker)

duration 
(days) cost ($) resourse 

(worker)

1 - 7 1,900 6 3 5,900 8 - - -

2 - 9 5,000 5 7 6,000 7 5 10,000 8

3 1 8 2,900 7 7 3,500 9 5 4,400 12

4 2 12 1,700 2 10 3,500 4 9 4,700 7

5 3, 4 4 1,300 3 3 2,000 4 2 2,800 6

6 2 9 3,200 4 7 5,800 6 5 6,200 7

7 6 7 2,600 2 6 4,000 3 4 5,800 5

8 5, 7 10 5,400 2 6 7,400 4 - - -

9 6, 7 6 4,200 3 5 5,000 5 4 6,200 6

10 8, 9 10 6,400 3 6 8,400 4 - - -

Fig. 8 Pareto fronts for the project time-cost-risk trade-off problem
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4.5 Construction site layout problem
4.5.1 Cost and safety factor trade-off construction site 
layout problem
Site layout planning is a critical managerial aspect in the 
construction industry, significantly impacting productiv-
ity, safety, and health conditions [31, 32]. This case study, 
adapted from [33], focuses on optimizing the placement 
of temporary facilities for a multistory garage building 
site, considering sustainability. Tables  5 and  6 provide 
details on temporary and fixed facilities, while Fig.  9 
shows the site plan.

The first objective is minimizing transportation costs 
between facilities, calculated as:

min ,TC � �
�

�

� �
��
i

I

j i

I

ij ijC D
1

1

1

	 (26)

where I is the total number of facilities, Dij is the Euclidean 
distance between facilities i and j, and Cij represents the 
corresponding transportation cost (Table 7).

The second objective is maximizing safety, quantified 
by the safety index (SI):

max . . . .SI CSC NHCC IPC� � �0 6 0 2 0 2 	 (27)

Crane Safety Criterion (CSC) evaluates facility layout 
based on proximity to cranes and sensitivity to falling 
objects using Eq. (28) and Table 8:

CSC � �
�
�

�
�
�

�
�1
1I
CS

i

I

i , 	 (28)

where CSi depends on the distance between facility i 
and the crane, crane dimensions, and facility sensitivity 
(Table 5).

Normalized Hazard Control Criterion (NHCC) assesses 
hazard control:

NHCC
HCC HCC

HCC HCC
�

�� �
�� �

min

max min

, 	 (29)

where HCC HCW� �
�

�

� �
��
i

I

j i

I

ij ijD
1

1

1

 and HCWij is the hazard 

control weight between facilities (Table 9).
Intersection Point Criterion (IPC) reduces accident 

risks by minimizing crowded route intersections:

IPC
IP

IP
�

��

�
�

�

�
��

1
100

max

%, 	 (30)

IP
NR NR

max
,�

� �� �1
2

	 (31)

where IP is the number of intersection points of crowded 
routes, NR is the number of the crowded routes marked 
in Table  7 by "c", and IPmax is the maximum possible 
intersections.

The problem involves 24  continuous variables (facil-
ity coordinates) constrained within site boundaries with-
out overlaps. Minimizing transportation costs and maxi-
mizing safety are conflicting objectives, as closer facilities 
reduce costs but compromise safety.

Table 5 Temporary facilities information [33]

Index Temporary facilities Sensitivity Length (m) Width (m)

F1 Parking lot Medium 20 20

F2 Office 1 High 20 5

F3 Office 2 High 20 5

F4 Office 3 High 20 5

F5 Office 4 High 20 5

F6 Workshop High 5 4

F7 Storage 1 Medium 6 5

F8 Storage 2 Medium 4 5

F9 Electric generator Medium 2 2

F10 Toilets Low 5 6

F11 Fire station Medium 3 3

F12 Flammable 
materials storage Medium 3 3

Fig. 9 Multistory garage building site plan [33]

Table 6 Fixed facilities information [33]

Index Fixed facilities Length (m) Width (m) X (m) Y (m)

CI Multistory 
garage building 120 95 75 67.5

K2 Tower crane 15 15 75 10

G3 Entrance gate - - 155 10
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Using a population size of  50, an iterations num-
ber of  300, and the same number of function evalua-
tions, NSWSA, GMOWSA, MOALO, MOPSO, and 
NSGA-II were applied. Fig. 10 illustrates the Pareto fronts 
achieved by NSWSA, GMOWSA, MOALO, MOPSO, and 
NSGA-II. The cost-safety Pareto highlights the trade-off 
between safety index and transportation costs between 
facilities. Both GMOWSA and NSWSA demonstrate com-
petitive performance and convergence compared to the 
other algorithms.

The range of safety index and transportation costs for 
GMOWSA (33–81 and 8,980–29,470) and NSWSA (34–83 
and 8,980–29,530) is competitive to that of MOPSO (32–85 
and 8,340–28,720), MOALO (33–85 and 8,570–29,680), 

and NSGA-II (34–82 and 8,430–28,657). These results 
highlight the effectiveness of GMOWSA and NSWSA in 
optimizing the three conflicting objectives of construction 
site safety index and transportation costs. Also, GMOWSA 
dominates other algorithms, as shown in Fig. 10.

5 Concluding remarks
This research compares two new multi-objective algo-
rithms, multi-objective water strider algorithms, 
GMOWSA and NSWSA. These algorithms were tested 
on nine mathematical benchmark functions and three 
real-world engineering problems (120-bar and 582-bar 
dome-shaped trusses, a time-cost-risk trade-off proj-
ect scheduling problem, and a construction site layout 

Table 7 Transportation cost between facilities [33]

Facility i Facility j

F1 F2 F3 F4 F5 F6 F7 F8 F9 F10 F11 F12 C1 K1 G1

F1 0 - - - - - - - - - - - - - -

F2 4 0 - - - - - - - - - - - - -

F3 4 7.5c 0 - - - - - - - - - - - -

F4 4 7.5c 7.5c 0 - - - - - - - - - - -

F5 4 5.5 5.5 2.5 0 - - - - - - - - - -

F6 1.5 1 1 1 1 0 - - - - - - - - -

F7 1.5 1 1 1 1 9.5c 0 - - - - - - - -

F8 1.5 1 1 1 1 9.5c 6.5 0 - - - - - - -

F9 1.5 2 1 3 3 3 3 3 0 - - - - - -

F10 1.5 7.5c 7.5c 7.5c 7.5c 6.5 6.5 6.5 1 0 - - - - -

F11 1.5 1 1 1 1 1 1 1 1 I 0 - - - -

F12 1.5 1 1 1 1 3.5 1 1 3.5 1 1 0 - - -

C1 1.5 3.5 3.5 3.5 3.5 6.5 4.5 4.5 5.5 3 1 4.5 0 - -

K1 0 7.5c 5.5 7.5c 7.5c 9.5c 9.5c 9.5c 0 0 1 4.5 5 0 -

G1 1.5 0 0 0 0 3 7c 7c 0 0 0 1 0 0 0
c Crowded routes

Table 8 Crane safety indicator for each zone [33]

Zone Range Crane safety indicator

Zone 1

Zone 2*

Zone 2

Zone 3

D J M
i i f,

,
crane

� �
2

� � � CS
V
V
V

i

i

i

i

1

0

25

50

�
�� �
�� �
�� �

�

�
�

�
�

%

%

%

high

medium

low

J M D H J M
i� � � � �

2 2
,crane CS CS

mi
i2

1

100
100*

� �
�

D J M
i i m,

,
crane

� �
2

� � � CS CS
D J M

H
CSi i

i

i
2 2 2

100 2� �� ��
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�

�
�
��
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�

�
�
��
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* *,crane

D H J M
i ,crane � � �

2
CS Vi i
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100� �� �% , ,high medium low
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planning problem). The performance of GMOWSA and 
NSWSA was compared to three state-of-the-art algo-
rithms: MOALO, MOPSO, and NSGA-II. The compari-
son was based on three standard performance indicators: 
IGD, S, and MS. The results demonstrate that NSWSA and 
especially GMOWSA exhibit competitive performance 
and uniform diversity compared to the other algorithms, 
even for complex real-world problems. It is concluded that 
GMOWSA and NSWSA are recommendable for solving 
various multi-objective optimization problems across dif-
ferent engineering fields.

Compliance with ethical standards
Conflict of interest: No potential conflict of interest was 
reported by the authors.

Table 9 Hazard control weight between the facilities [33]

Facility i Facility j

F1 F2 F3 F4 F5 F6 F7 F8 F9 F10 F11 F12 C1

F1 0 - - - - - - - - - - - -

F2 0.25 0 - - - - - - - - - - -

F3 0.25 0 0 - - - - - - - - - -

F4 0.25 0 0 0 - - - - - - - - -

F5 0.25 0 0 0 0 - - - - - - - -

F6 0.50 0.50 0.50 0.50 0.50 0 - - - - - - -

FT 0.50 0.50 0.50 0.50 0.50 0.25 0 - - - - - -

F8 0.50 0.50 0.50 0.50 0.50 0.25 0 0 - - - - -

F9 0.50 0.75 0.75 0.75 0.75 0.75 0.25 0.25 0 - - - -

F10 0 0 0 0 0 0 0.25 0.25 0.25 0 - - -

F11 0 0 0 0 0 0 0 0 0 0 0 - -

F12 0.75 0.50 0.50 0.50 0.50 0.25 0 0 1 0 0 0 -

C1 0.75 1 1 1 1 0.50 0.50 0.50 0.75 0.50 0 0.50 0

Fig. 10 Pareto fronts for the construction site layout problem
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