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Abstract: Determining the failure or failure mode of structures has long been a challenge for civil
engineers. Traditional methods for analyzing structures are costly and complex. Plastic analysis,
which involves combining pre-defined mechanisms, offers a less complex approach. However, as
the number of potential mechanism combinations, or the search space, increases with the growing
complexity of structural members, the effectiveness of this method diminishes. To address this issue,
optimizers have been applied in the field of structural engineering to efficiently solve problems with
large search spaces. Population-based meta-heuristic algorithms are widely used for their reduced
dependency on input parameters. This research focuses on implementing the plastic theory of steel
frames using MATLAB software, employing virtual work concepts and pre-defined mechanism
combinations. A novel binary dolphin echolocation algorithm is proposed based on the principles
of the primary algorithm. This algorithm is then utilized to optimize the plastic analysis method
and determine the failure load factor and critical failure mode for sample frames. Additionally, the
grey wolf optimizer and whale optimization algorithm are applied to optimize the problem, and
the performance of all three algorithms is compared. The results demonstrate that the proposed
algorithm yields accurate results with a minor margin of error compared to the other two algorithms.
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1. Introduction

Structural members are of paramount importance in structural design due to their
strength, durability, and versatility requirements [1–3]. Steel is an alloy of iron and carbon,
and its mechanical properties make it an ideal material for building construction, specif-
ically in seismic conditions [4–6]. They offer numerous benefits, including high fatigue
resistance [7], buckling resistance [8], and fire resistance [9]. Structural steel members can
be fabricated into a wide range of shapes and sizes, making them suitable for a variety of
structural configurations, such as joints [10] and reinforcements [11]. Overall, structural
steel members play a critical role in modern structural engineering and are essential to the
construction of safe, efficient, and sustainable structures based on many studies performed
in this regard.

Various researchers within the previous century have studied the problem of plastic
theory by defining plastic hinges [12]. Over the years, many researchers have applied
various methods to analyze steel structures. Neal and Symonds were the first to suggest
the approach of combining pre-defined mechanisms [13,14], which was later expanded
by others [15–18]. In this method, after the pre-defined mechanisms are combined, the
mechanism corresponding to the minimum load factor is presented as the ultimate failure
mechanism of the steel frame.

One problem with this procedure is the analysis of frames containing several spans
and floors. Under these circumstances, combining the pre-defined mechanisms to detect
the critical one is a tedious and, in some cases, impossible task. Hence, in these cases, a com-
plementary process is required to determine the combination of mechanisms automatically
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and quickly. To deal with this problem, artificial intelligence (AI) can be an appropriate
choice. Generally, machine learning and deep learning approaches are two branches of AI,
where numerous studies in different areas exist in the literature [19,20]. Artificial intelli-
gence (AI) and machine learning (ML) are being increasingly used in structural engineering
applications for tasks such as structural analysis, design optimization, and predictive main-
tenance [21–24]. One of the key advantages of AI and ML is their ability to process vast
amounts of data and generate insights that can be used to improve structural performance
and reduce maintenance costs. For example, neural networks as the most effective branch
of ML algorithms can be used to analyze sensor data from structural health monitoring
systems and identify patterns that indicate potential issues [25,26]. Additionally, AI can be
used to optimize the design of complex structures by taking into account multiple factors
such as load, materials, and geometry. As the field of AI and ML continues to evolve,
it is expected that their use in structural engineering will become increasingly common
and transformative.

Optimization problems in engineering (such as [27]) involve finding the most efficient
and effective solutions to maximize performance, minimize costs, or achieve desired
objectives within given constraints. Meta-heuristic optimizers are part of the algorithms
in AI that are used to detect the optimum answers. There are different types of these
algorithms, including the genetic algorithm, ant colony, bat, and so on. Meta-heuristic
optimizers are becoming progressively admired in engineering processes because they
have the following attributes:

1. Count on relatively simple concepts and are easy to apply.
2. Can get away from local optimum solutions.
3. Can be used in a variety of issues related to different categories.

Nature-based meta-heuristics, depicting biological or physical phenomena, solve
optimization problems. A set of nature-inspired algorithms incorporates common methods
that simulate the social attitude of animals. Some of these population-based algorithms are
shown in Table 1 [28].

Kaveh et al. [20,29] and Kohama et al. [30] have presented studies on the determination
of the failure load factor of plane frames employing the genetic algorithm. Kaveh and
Jahanshahi have studied the limit plastic procedure of frames by means of the ant colony
system and other similar algorithms [31–33]. Then, in 2016, Jahanshahi et al. calculated the
failure load factor of plane frames using a neural network method and compared the results
with the genetic and ant colony algorithms [34]. Kaveh et al. performed plastic analysis of
plane frames using colliding bodies optimization and its extended version [35,36]. Further
to the latest studies, Daryan et al. [37] modified dolphin echolocation algorithms to reach
the minimum load factor and the corresponding failure mode of steel structures.

The main endeavor of researchers has been utilizing the genetic algorithm and ant
colony system to optimize such problems in structural analysis. Recently, however, faster
and more economical solutions have been required in structural analysis and design due to
the development of larger and more complex structures. With this in mind, in the present
study, a new algorithm with the principles of the dolphin echolocation algorithm (DE) is
presented, which can be used for any binary problem. In order to evaluate the results of this
algorithm, a comparison is made with two robust population-based algorithms presented
in Table 1: the grey wolf optimizer (GWO) and the whale optimization algorithm (WOA).
These algorithms define and optimize the same problem to detect the failure load factor
and the critical failure mechanism of sample moment frames with rigid joints. The results
are compared in terms of accuracy and convergence time.
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Table 1. Population-based optimization algorithms.

Year Concept Algorithm

1995 Bird swarm Particle swarm optimization (PSO)

2001 Honey bees Marriage of honey bee optimization

2003 Fish swarm Artificial fish-swarm algorithm (AFSA)

2005 Termite colony Termite algorithm

2006 Ant colony Ant colony optimization algorithm (ACO)

2006 Honey bee Artificial bee colony (ABC)

2007 Parasitic wasp Wasp swarm algorithm

2007 Monkey Monkey search

2007 Wolf herd Wolf pack search algorithm

2008 Bees Bee collecting pollen algorithm (BCPA)

2009 Cuckoo Cuckoo search (CS)

2009 Dolphin Dolphin partner optimization (DPO)

2010 Bat herd Bat-inspired algorithm

2010 Firefly Firefly algorithm

2010 Animal group Hunting search (HS)

2012 Bird mate Bird mating optimizer (BMO)

2012 Krill herd Krill herd (KH)

2012 Fruit Fruit fly optimization algorithm (FOA)

2013 Dolphin Dolphin echolocation algorithm (DE)

2014 Grey wolf Grey wolf optimizer (GWO)

2016 Whale Whale optimization algorithm (WOA)

2. Limit Analysis Principles Based on the Kinematic Theorem

The kinematic theorem of plastic analysis is a fundamental concept in structural
engineering. It is used to analyze structures that undergo plastic deformation. According
to this theorem, the internal forces, such as bending moments, shear forces, and axial forces,
in a structure that undergoes plastic deformation can be determined based solely on its
geometry and deformation. The material properties of the structure do not play a role in
determining these internal forces.

In light of the complexities of kinematic theory, the contents of this section are briefly
described in three sections. It is worth mentioning that this procedure has also been
developed to solve other problems. For instance, Saedi Daryan and Palizi extended the
same procedure for steel-braced frames [38] and developed the methodology with the aid
of various nature-based optimization algorithms [39]. The classic plastic analysis theory
was also extended to find the critical temperature of steel moment frames during a fire [40].

2.1. Pre-Defined Mechanisms

In the simulation process, concentrated horizontal and gravitational loads are applied
on each story level and the middle of each opening, respectively. Figure 1 exemplifies the
critical locations (plastic hinges) for a single-story frame with one opening. These points
include the nodal points and the midpoints of the beams in the concentrated loading case.

According to the Neal and Symonds method [13,14], three pre-defined failure modes
are considered: beam, floor, and node mechanisms, as depicted in Figure 2a–c, respectively,
for a one-story frame with one opening.
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Figure 1. Plastic hinge possible locations.
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Figure 2. Pre-defined mechanisms: (a) beam, (b) floor, and (c) node.

It is worth mentioning that for a frame with (a) openings and (b) floors, there are (ab)
beam mechanisms and (b) floor mechanisms. Accordingly, the individual mechanisms are
equal to [b (a + 1)]. The number of node mechanisms is the same value as the number
of nodes in the structure minus the support nodes (at the base level). Although the node
mechanisms do not create the work equation separately, they are the key to acquiring the
minimum load factor in combined mechanisms.

The Kaveh and Jahanshahi method [29] has been used for coding simulation to create
work equations related to plastic analysis theory.

2.2. Failure Loads

The failure load in a given mechanism is derived as Equation (1). The displacements
and rotation of mechanisms are considered virtually, and the relationship between internal
and external virtual work is written.

λc =
internal work expression
external work expression

(1)

The external work is derived by the following equation, where P is the applied load
and d is the vector of displacements at the location of the applied loads.

external work expression = PT · d (2)

The internal work is also determined by the following equation, where M denotes the
moment capacity of the r rotated members.

internal virtual work = MT
p · |r| (3)
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Considering that the plastic moment always resists joint rotations, the rotation val-
ues are always considered positive. Nodal mechanisms have been neglected during the
combination of pre-defined mechanisms in the above equations. The reason that decreases
the load factor is the node mechanisms; otherwise, the combination of two individual
mechanisms results in a load factor value between the load factors of the two mechanisms.
To implement node mechanisms automatically, the data of each joint and its containing
node attached to each member are defined in a separate matrix.

2.3. Pre-Defined Mechanism Combinations

As the number of openings and floors grows, the number of mechanism combination
cases increases. Thus, merging these pre-defined mechanisms to detect the correct failure
mode will be tedious and time-taking. A frame with x individual mechanisms results
in (2x − x− 1) possible combinations of independent mechanisms; however, not all are
analytical failure mechanisms.

According to Neal and Symonds [13,14], possible failure mechanisms begin with a
pre-defined mechanism and then combine with others to decrease the load factor due to
their combination. When no more mechanisms exist to reduce the load factor, the same
loop is conducted for the next mechanism until all conditions have been investigated. The
minimum load factor obtained so far is introduced as the critical load factor. However, the
problem can be expressed as an optimization one to deal with it more efficiently.

3. Meta-Heuristic Optimization Algorithms

Optimizers can be used to merge the pre-defined mechanisms. This study aims to
present a new algorithm based on the dolphin echolocation optimization algorithm called
the binary DE algorithm and compare its results with popular meta-heuristic algorithms.
These optimization algorithms are the GWO algorithm and the WOA and are briefly
described in the upcoming sub-sections.

3.1. Binary Dolphin Echolocation Algorithm

The dolphin echolocation optimizer simulates the dolphin hunting strategy. Dolphins
create a sound to detect their target’s position. A dolphin can produce click-like sounds.
The frequency of these sounds is higher than that of the sounds used for socialization and
differs among dolphin species. When the sonar strikes a target, partial wave energy returns
back to the dolphin. When the echo arrives, the animal creates another sound. The duration
of sending and receiving the sound enables the dolphin to measure the target distance.
By continuously emitting and receiving sounds, dolphins can trace targets [41]. Different
modifications have also been made to the original DE algorithm to improve its performance
in different engineering problems [24,37,42].

In the original DE, the user sets a convergence curve. Then, the algorithm follows
its rules based on the defined diagram. This method performs by assigning a higher
likelihood of the best answer occurring than others. The algorithm measures the probability
of selecting the optimum solution in each loop based on previous knowledge.

The probability function is as follows [41]:

PP(Loop) = PP1 + (1− PP1)
Looppower

i − 1
(LoopNumber)power − 1

(4)

where PP is the pre-defined probability, PP1 is the convergence factor of the first loop,
which is randomly chosen, Loopi is the current loop number, and power is the curve degree.
As can be seen, the curve of the above equation has the power degree. LoopNumber is the
number of loops in which the algorithm must reach a convergence point. The user sets this
value. The flowchart of this algorithm is shown in Figure 3 [41].
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In the following, the parameters of the DE are denoted:

(A) Number of iterations (loops): The computational cost grows with the loop number.
(B) Definition of convergence criterion: The first try suggests a linear convergence, and

then other values are tried for better answers.
(C) Effective radius (Re): This parameter is dependent on the size of the search area.

Choosing a value of less than 1/4 of the search space is usually recommended.
(D) Number of locations (NL): A logical value should be taken based on trial and error.
(E) ε: This parameter is used to apply random variables, and it is better to use a value

less than the minimum possible fit. These random variables are added to avoid local
and fast convergence of the algorithm.

The superiority of meta-heuristic algorithms is that these algorithms are less dependent
on input parameters and are easily operated with less possibility of being trapped in local
optimum solutions.

In addition to having this feature, the DE algorithm has another feature that distin-
guishes it from other algorithms of the same category; this algorithm assigns a pre-defined
probability to the best answer by determining the P(Loop) in each stage, where this value
varies in each loop. The presence of this property in the DE algorithm controls the conver-
gence process and causes the answer to be less likely to be local. The larger the probability
of the first loop, the smaller the search space and the closer the algorithm is to the final
answer. On the other hand, if more than a reasonable limit is selected, it can possibly
become stuck in the local optimum solution (due to its faster convergence) and neglect
some parts of the search space. The pre-assigned probability is suggested to be 0.1 or 10%
in most cases.

Despite the superior capabilities of the DE algorithm and its high strength in solving
various complex problems, especially in finding the optimal size and layout of lateral
bearing systems, tackling binary problems with the aid of this algorithm has received less
attention from previous researchers. Hence, in this research, by making modifications to
DE, this algorithm is first developed for binary problems and then applied to the problem
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of plastic theory of steel frame structures. The code is implemented in MATLAB software
and can be used for any other binary problems.

First, the probability triangle (Figure 4) suggested in the dolphin algorithm is removed.
Since there are only two options, 0 and 1, in the search space for each variable, using a
neighbor triangle that distributes the fitness in the neighborhood of each alternative is
practically meaningless.

Buildings 2023, 13, x FOR PEER REVIEW  7  of  25 
 

of plastic theory of steel frame structures. The code is implemented in MATLAB software 

and can be used for any other binary problems.   

First,  the probability  triangle  (Figure 4)  suggested  in  the dolphin algorithm  is  re-

moved. Since there are only two options, 0 and 1, in the search space for each variable, 

using a neighbor triangle that distributes the fitness in the neighborhood of each alterna-

tive is practically meaningless.   

 

Figure 4. Triangular probability distribution of DE. 

In the next step, changes have been made to the definition of  ሺPPଵሻ. As mentioned, 

the probability of the answer in the first loop is assumed to be 10%. In the binary case, this 

assignment causes errors during the convergence process. In the DE algorithm, for each 

variable,  ሺPPଵሻ   is  the  probability  assigned  to  the  best  solution  in  the  first  step,  and 
ሺ1 െ PPଵሻ  is the probability assigned to other options. Since there are only two options in 

binary space,  ሺPPଵሻ  is the probability of the superior solution, and  ሺ1 െ PPଵሻ  is the prob-
ability of the other one. Considering that the probability of the superior solution should 

be more significant,  ሺPPଵሻ must be higher than 50%. Hence, the algorithm holds the ap-

propriate response with a probability above 50%.   

In order to prevent premature convergence, the parameter (ε), which was responsible 

for adding random responses to the algorithm, is modified as Equation (5):   

ε ൌ ሺ1 െ PPଵሻ ∗ Random    (5)

where (Random) is the ratio that the number of random responses changes accordingly 

and (ε) is the percentage of random responses in each step that gradually reaches zero. 

According  to  the definitions,  for each variable, at each step,  the probability of  the 

superior option is calculated by Equation (6):   

PP ൌ ሺPPሺLoop୧ሻሻ ∗ ሺ1 െ εሻ ൅ 0.5 ε    (6)

As a result, the probability of the other response is determined by Equation (7):   

PPᇱ ൌ ሺ1 െ PPሺLoop୧ሻሻ ∗ ሺ1 െ εሻ ൅ 0.5 ε    (7)

3.2. Grey Wolf Optimizer   

Grey wolves hunt in a pack. The groups contain a population of 5–12 members. The 

members of the group are ranked according to Figure 5.   

 

Figure 4. Triangular probability distribution of DE.

In the next step, changes have been made to the definition of (PP1). As mentioned,
the probability of the answer in the first loop is assumed to be 10%. In the binary case, this
assignment causes errors during the convergence process. In the DE algorithm, for each
variable, (PP1) is the probability assigned to the best solution in the first step, and (1− PP1)
is the probability assigned to other options. Since there are only two options in binary
space, (PP1) is the probability of the superior solution, and (1− PP1) is the probability of
the other one. Considering that the probability of the superior solution should be more
significant, (PP1) must be higher than 50%. Hence, the algorithm holds the appropriate
response with a probability above 50%.

In order to prevent premature convergence, the parameter (ε), which was responsible
for adding random responses to the algorithm, is modified as Equation (5):

ε = (1− PP1)·Random (5)

where (Random) is the ratio that the number of random responses changes accordingly
and (ε) is the percentage of random responses in each step that gradually reaches zero.

According to the definitions, for each variable, at each step, the probability of the
superior option is calculated by Equation (6):

PP = (PP(Loopi)) · (1− ε) + 0.5 ε (6)

As a result, the probability of the other response is determined by Equation (7):

PP′ = (1− PP(Loopi)) · (1− ε) + 0.5 ε (7)

3.2. Grey Wolf Optimizer

Grey wolves hunt in a pack. The groups contain a population of 5–12 members. The
members of the group are ranked according to Figure 5.

Considering this figure, Alphas are the leaders of the groups and are in charge of
decision making. Betas follow the Alphas’ commands and help Alphas in decisions. Both
male and female Betas are the best alternative candidates for leadership when an Alpha
dies or becomes too old. The lowest-ranked wolves are Omegas, who have to follow others.
Delta wolves are called under-command and are ranked before Omegas. Deltas must
follow Alphas and Betas, but they have a higher rank than Omegas. The group follows
some steps for hunting prey by first tracing and approaching the prey. Then, they follow
and harass the prey to make it stop. Finally, they attack the target.
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The hunting method of wolves is similar to an optimization process and can be
modeled mathematically as the grey wolf optimizer. In this algorithm, the best answers are
ranked according to the wolves’ group ranking: the best responses are ranked in order as
Alpha, Beta, and Delta, and the rest of the responses are considered as Omegas. To simulate
mathematically, it is assumed that Alpha, Beta, and Delta contain better information about
the position of the target. Hence, the first three responses are saved. Others update their
position based on the three best responses.

Overall, the exploration phase starts with a random population of animals. The
relations correspondent to this algorithm can be stated as follows:

→
Q =

∣∣∣∣→T ·→Yp(t)−
→
Y(t)

∣∣∣∣ (8)

→
Y(t + 1) =

→
Yp(t)−

→
R ·
→
Q (9)

→
R = 2

→
a ·→r 1 −

→
a (10)

→
T = 2 ·→r 2 (11)

→
Qα =

∣∣∣∣→T1 ·
→
Yα −

→
Y
∣∣∣∣,→Qβ =

∣∣∣∣→T3 ·
→
Yβ −

→
Y
∣∣∣∣,→Qδ =

∣∣∣∣→T3 ·
→
Yδ −

→
Y
∣∣∣∣ (12)

→
Y1 =

→
Yα −

→
R1 ·

(→
Qα

)
,
→
Y2 =

→
Yβ −

→
R2 ·

(→
Qβ

)
,
→
Y3 =

→
Yδ −

→
R3 ·

(→
Qδ

)
(13)

→
Y(t + 1) =

→
Y1 +

→
Y2 +

→
Y3

3
(14)

where t is the current repetition, (
→
R) and (

→
T) are the coefficient vectors, (

→
Yp) and (

→
Y) are

the position vector of the target and the animal, respectively. The vectors R and T are
determined as Equations (10) and (11) and a in these equations decreases linearly from 2
to 0. (

→
r 1) and (

→
r 2) are random vectors in the range [0, 1]. In Equation (14), the position

vector of wolves is updated, Alpha, Beta, and Delta determine the target position, and
other animals update their position. Hence, a and T are two input parameters that need to
be tuned to run the algorithm.

3.3. Whale Optimization Algorithm

Whales, as the largest mammals, are known for their great hunting skills. Humpback
whales are the largest species among them which hunts groups of tiny snails and fish.
These whales create several bubbles in circles and search for prey around them with this
amazing strategy. Since this behavior is similar to an optimization procedure, it can be
simulated for this purpose. When these animals determine the position of the prey, they
make circles around it. The whale considers the object as the best candidate, and then, other
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agents reform their position based on the position of the best answer. The formulation of
the procedure is as follows:

→
Q =

∣∣∣∣→T · →X∗(t)−→X(t)
∣∣∣∣ (15)

→
X(t + 1) =

→
X∗(t)−

→
R ·
→
Q (16)

where (
→
R) and (

→
T) are coefficient vectors, (

→
X∗) is the position vector of the best response,

and
→
X represents the location vector. t represents the current iteration. (

→
X∗) should be

reformed in each iteration if there is a more optimal answer. The vectors R and T are
determined by Equations (17) and (18):

→
R = 2

→
a ·→r −→a (17)

→
T = 2 ·→r (18)

In these relations, (
→
r ) is a random vector in the range of [0, 1], and (

→
a ) is linearly

decreased from 2 to 0. The bubble production of whales during the exploration phase is
modeled mathematically according to the following:

• The surrender mechanism contraction is determined by decreasing the value of (
→
a )

in Equation (17). The (
→
R) vector is also decreased by changing (

→
a ) ((

→
R) is a random

value in the range [−a, a]). Using the random values of (
→
R) in the range of [−1, +1],

the new position of the agent is determined somewhere between the main position of
the agent and the position of the best current agent.

• In the position reforming of spirals, the algorithm first measures the distance between
the whale at the point (X, Y), and then, the prey position is calculated at the point (X∗,
Y∗). A spiral equation is determined to simulate the spiral mode of the whales as the
following equation:

→
X(t + 1) =

→
Q′ · eb · cos(2πl) +

→
X∗(t) (19)

where
→
Q′ =

∣∣∣∣→X∗(t)−→X(t)
∣∣∣∣ represents the distance between the ith whale and the target

(the former best answer), b is a constant representing the shape of the spiral, and l is a
random number in the range of [−1, +1].

Based on the variations in (
→
R), the whales’ exploration is performed according to each

other’s locations. Consequently, random values out of the range [−1, 1] can oblige agents

to scatter from the reference whale. This process, alongside (
→
|R| > 1), provides a global

search with the following expressions:

→
Q =

∣∣∣∣→T ·→Xrand −
→
X
∣∣∣∣ (20)

→
X(t + 1) = Xrand −

→
R ·
→
Q (21)

where (Xrand) is the position vector of the existing iteration.
Similar to other optimization algorithms, the WOA starts with a random population

of answers. In each step, the agents reform their position due to two reasons: agents of
random selections and the current best answer. The parameter a is reduced from 2 to 0.
Depending on the value of b, the algorithm is able to create spiral movements. Overall,
only (R) and (T) as internal input parameters must be tuned in this algorithm.
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4. Sample Frames Investigation

In order to confirm the accuracy of the limit plastic theory and compare the responses
of the optimization algorithms introduced in the previous sections, examples studied
by Kaveh and Jahanshahi [29] are presented herein. The exact failure load factor and
critical failure mode determined from the plastic analysis by combining pre-defined mecha-
nisms were already available. Accordingly, the results of the mentioned study have been
compared with the proposed method in the current research. A comparison is also made
between the performance of the binary DE presented in Section 3.1 with the GWO algorithm
and the WOA.

In each example, the plastic moment capacity of each member and loading condition
is expressed in each figure. No specific unit is considered for these examples.

Ten analyses were performed for each algorithm in each example, and the results are
presented in graphs and tables. Root mean squared error (RMSE) and maximum absolute
error (MAE) values as two statistical indices were employed to compare the performance
of these algorithms in each example. These values have been used previously in various
papers to compare the performance of algorithms [44]. The relationships provided for these
indices are denoted as follows:

RMSE =

√
∑n

i=1(hi
2 − ti

2)

n
(22)

MAE =
1
n

n

∑
i=1
|hi − ti| (23)

where hi and ti are actual and calculated values, respectively, and n is the total number
of observations.

4.1. Frame One: Three Story and Two Span

The geometry of this frame is according to Figure 6. The loadings and the plastic
moment capacity of each member are depicted in the figure. The exact response of the
plastic analysis of this frame was already available [29]. The actual failure load factor of
this frame is 1.9756. Table 2 illustrates each independent mechanism and the corresponding
failure load factor.
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Table 2. Independent mechanisms of example one.

Mechanism No. Mechanism Name/Location Load Factor

1 Floor: Story 1 4.5
2 Beam: Story 1—left span 2.67
3 Beam: Story 1—right span 2.0
4 Floor: Story 2 4.0
5 Beam: Story 2—left span 3.0
6 Beam: Story 2—right span 2.4
7 Floor: Story 3 4.5
8 Beam: Story 3—left span 4.0
9 Beam: Story 3—right span 8.0

Each analysis was repeated ten times with the three algorithms. Figures 7–9 show
the convergence diagrams of the DE algorithm, GWO algorithm, and WOA, respectively.
Tables 3–5 describe the corresponding details of each diagram.
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Figure 8. Results of ten analyses using GWO in example one.



Buildings 2023, 13, 2008 12 of 24
Buildings 2023, 13, x FOR PEER REVIEW  13  of  25 
 

 

Figure 9. Results of ten analyses using WOA in example one. 

Table 5. Details of Figure 9 results. 

Analysis No.  Iteration No.  Failure Mode  Load Factor 

1  13  {111111100}  1.9756 

2  5  {111111100}  1.9756 

3  12  {111111100}  1.9756 

4  13  {111111100}  1.9756 

5  3  {001000000}  2.0000 

6  6  {001000000}  2.0000 

7  8  {111111100}  1.9756 

8  12  {111111110}  1.9767 

9  10  {111111100}  1.9756 

10  12  {001000000}  2.0000 

This problem is defined in a binary format, and according to Tables 3–5, the failure 

mode is written in a set of binary codes. In each failure mode, zero means that the mech-

anism is not involved in the failure mode, and the number one represents its presence. 

Mechanisms 1 to 9 are  identified  in Table 2. The actual failure mode of example one  is 

codified as {111111100}, which means that mechanisms one to seven exist in the failure 

mode and mechanisms eight and nine are absent. 

The failure mode corresponding to the actual critical load factor is shown in Figure 

10. The analysis results for the three algorithms revealed that the binary dolphin algorithm 

presented in this paper executed the exact answer in each of the ten analyses. Analyses 8 

and 10 in the GWO algorithm presented a different failure mode even though the critical 

load factor was close to the actual value. In the WOA, four analyses, including numbers 

5, 6, 8, and 10, did not have exact answers, and only analysis number 8 proposed a result 

very close to the actual response of the structure. By and large, in this particular example, 

the binary DE model illustrated zero error, the GWO model signified a 20% error, and the 

WOA had a 40% error in providing the exact failure response of the frame. 

In the following example, a larger frame is considered to investigate the effect of in-

dependent mechanism increase in the error value of all algorithms.   

Figure 9. Results of ten analyses using WOA in example one.

Table 3. Details of Figure 7 results.

Analysis No. Iteration No. Failure Mode Load Factor

1 14 {111111100} 1.9756
2 6 {111111100} 1.9756
3 10 {111111100} 1.9756
4 5 {111111100} 1.9756
5 15 {111111100} 1.9756
6 11 {111111100} 1.9756
7 8 {111111100} 1.9756
8 12 {111111100} 1.9756
9 3 {111111100} 1.9756
10 13 {111111100} 1.9756

Table 4. Details of Figure 8 results.

Analysis No. Iteration No. Failure Mode Load Factor

1 3 {111111100} 1.9756
2 6 {111111100} 1.9756
3 8 {111111100} 1.9756
4 4 {111111100} 1.9756
5 6 {111111100} 1.9756
6 5 {111111100} 1.9756
7 9 {111111100} 1.9756
8 4 {111110110} 2.0789
9 5 {111111100} 1.9756
10 7 {001111110} 2.1724

This problem is defined in a binary format, and according to Tables 3–5, the failure
mode is written in a set of binary codes. In each failure mode, zero means that the
mechanism is not involved in the failure mode, and the number one represents its presence.
Mechanisms 1 to 9 are identified in Table 2. The actual failure mode of example one is
codified as {111111100}, which means that mechanisms one to seven exist in the failure
mode and mechanisms eight and nine are absent.
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Table 5. Details of Figure 9 results.

Analysis No. Iteration No. Failure Mode Load Factor

1 13 {111111100} 1.9756
2 5 {111111100} 1.9756
3 12 {111111100} 1.9756
4 13 {111111100} 1.9756
5 3 {001000000} 2.0000
6 6 {001000000} 2.0000
7 8 {111111100} 1.9756
8 12 {111111110} 1.9767
9 10 {111111100} 1.9756
10 12 {001000000} 2.0000

The failure mode corresponding to the actual critical load factor is shown in Figure 10.
The analysis results for the three algorithms revealed that the binary dolphin algorithm
presented in this paper executed the exact answer in each of the ten analyses. Analyses 8
and 10 in the GWO algorithm presented a different failure mode even though the critical
load factor was close to the actual value. In the WOA, four analyses, including numbers
5, 6, 8, and 10, did not have exact answers, and only analysis number 8 proposed a result
very close to the actual response of the structure. By and large, in this particular example,
the binary DE model illustrated zero error, the GWO model signified a 20% error, and the
WOA had a 40% error in providing the exact failure response of the frame.
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In the following example, a larger frame is considered to investigate the effect of
independent mechanism increase in the error value of all algorithms.

4.2. Frame Two: Four Story and Four Span

Figure 11 shows the geometry, loadings, and plastic capacities of this frame. This
frame is also one of the sample frames, and its actual load factor is 0.65. The corresponding
critical failure mode of this frame is illustrated in Figure 12 [29].
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The mechanism identifications according to the code script are illustrated in Table 6.
The span number in this table is from left to right.

Table 6. Independent mechanisms of example two.

Mechanism No. Mechanism Name/Location Load Factor

1 Floor: Story 1 1.33
2 Beam: Story 1—Span 1 1
3 Beam: Story 1—Span 2 1
4 Beam: Story 1—Span 3 1
5 Beam: Story 1—Span 4 1
6 Floor: Story 2 1.11
7 Beam: Story 2—Span 1 1
8 Beam: Story 2—Span 2 1
9 Beam: Story 2—Span 3 1
10 Beam: Story 2—Span 4 1
11 Floor: Story 3 0.95
12 Beam: Story 3—Span 1 1
13 Beam: Story 3—Span 2 1
14 Beam: Story 3—Span 3 1
15 Beam: Story 3—Span 4 1
16 Floor: Story 4 0.83
17 Beam: Story 4—Span 1 1
18 Beam: Story 4—Span 2 1
19 Beam: Story 4—Span 3 1
20 Beam: Story 4—Span 4 1

According to the procedure in the previous example, in this example, the convergence
diagrams for each algorithm are given first, and after each diagram, its details are presented
in tables. Figures 13–15 are the convergence diagrams for ten analyses using the binary DE
algorithm, GWO algorithm, and WOA, respectively. The details of each diagram is also
illustrated in Tables 7–9.
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Table 7. Details of Figure 13 results.

Analysis No. Iteration No. Failure Mode Load Factor

1 57 {00000100001000010000} 0.6500
2 35 {00000100001000010000} 0.6500
3 58 {00000100001000010000} 0.6500
4 35 {00000100001000010000} 0.6500
5 59 {00000100001000010000} 0.6500
6 31 {00000100001000010000} 0.6500
7 69 {00000100001000010000} 0.6500
8 37 {00000100001000010000} 0.6500
9 38 {00000100001000010000} 0.6500
10 48 {00000100001000010000} 0.6500
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Table 8. Details of Figure 14 results.

Analysis No. Iteration No. Failure Mode Load Factor

1 11 {00000100001000010000} 0.6500
2 7 {00000100001000010000} 0.6500
3 10 {00000100001000010000} 0.6500
4 3 {10000100111010010000} 0.6667
5 10 {00000100001000010000} 0.6500
6 14 {00000100001000010000} 0.6500
7 11 {00000100001000010000} 0.6500
8 16 {00000100001000010000} 0.6500
9 10 {00000100001000010000} 0.6500
10 1 {10000100111010010000} 0.6667

Table 9. Details of Figure 15 results.

Analysis No. Iteration No. Failure Mode Load Factor

1 9 {00000100001000010000} 0.6500
2 12 {00000100011000010000} 0.6512
3 7 {00000100001000010000} 0.6500
4 14 {00000100001000010000} 0.6500
5 23 {00000110001000010101} 0.6519
6 6 {00000100001000010000} 0.6500
7 8 {00000100001000010000} 0.6500
8 11 {00000100001000010000} 0.6500
9 21 {00000100001010010000} 0.6508
10 11 {00000100001000010000} 0.6500

Regarding the failure mechanisms, the GWO predicted {10000100111010010000} twice,
which demonstrates that the pre-defined mechanisms 1, 6, 9, 10, 11, 13, and 16 are
present in the final failure mode. However, according to the actual mechanism set,
{00000100001000010000}, the failure mode contains the mechanisms of 6, 11, and 16. It
shows that the GWO proposed one floor and three beams other than the critical failure
mode. The binary DE determined an accurate answer in each of the ten analyses. It
can be concluded that no error has been proposed in an example with a high number of
pre-defined mechanisms. However, errors were observed again occasionally in the GWO
algorithm. In this example, only two analyses (4 and 10) led to answers with different
failure mechanisms, although the load factor had a proper answer compared to the actual
value. In the WOA, three errors were observed, which was the highest error among these
three algorithms, similar to the previous example.

4.3. Frame Three: Six Story and Two Span

This frame with 18 floors and two spans contains 18 pre-defined failure mechanisms.
The frame with specifications is shown in Figure 16, and the identification of pre-defined
mechanisms is also given in Table 10. The span number is from left to right in this table.
The exact answer determined from the plastic analysis of this frame is also available [29],
with the failure load factor of 1.2889. The corresponding critical failure mode is depicted
in Figure 17. According to this figure and the identification of pre-defined mechanisms in
Table 10, mechanisms number 1, 4, 7, and 10 exist in the actual failure mode.

According to the previous examples, each algorithm was analyzed ten times. The
results are shown in Figures 18–20, the details of which are tabulated after each convergence
diagram for the three algorithms in Tables 11–13.
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Figure 16. Frame of example three.

Table 10. Independent mechanisms of example three.

Mechanism No. Mechanism Name/Location Load Factor

1 Floor: Story 1 2.20
2 Beam: Story 1—Span 1 5.20
3 Beam: Story 1—Span 2 5.20
4 Floor: Story 2 2.16
5 Beam: Story 2—Span 1 4.80
6 Beam: Story 2—Span 2 4.80
7 Floor: Story 3 2.10
8 Beam: Story 3—Span 1 3.60
9 Beam: Story 3—Span 2 3.60
10 Floor: Story 4 2.00
11 Beam: Story 4—Span 1 3.20
12 Beam: Story 4—Span 2 3.20
13 Floor: Story 5 1.60
14 Beam: Story 5—Span 1 2.80
15 Beam: Story 5—Span 2 2.80
16 Floor: Story 6 4.20
17 Beam: Story 6—Span 1 2.40
18 Beam: Story 6—Span 2 2.40
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Table 11. Details of Figure 18 results.

Analysis No. Iteration No. Failure Mode Load Factor

1 22 {100100100100000000} 1.2889
2 24 {100100100100000000} 1.2889
3 22 {100100100100000000} 1.2889
4 24 {100100100100000000} 1.2889
5 23 {100100100100000000} 1.2889
6 28 {100100100100000000} 1.2889
7 9 {100100100100000000} 1.2889
8 28 {100100100100000000} 1.2889
9 27 {100100100100000000} 1.2889
10 32 {100100100100000000} 1.2889
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Table 12. Details of Figure 19 results.

Analysis No. Iteration No. Failure Mode Load Factor

1 11 {100100100100000000} 1.2889
2 13 {100100100100000000} 1.2889
3 6 {100100100100100000} 1.2900
4 7 {100100100100000000} 1.2889
5 5 {100100100100000000} 1.2889
6 8 {100100100100000000} 1.2889
7 6 {100100100100100110} 1.3318
8 10 {100100100100000000} 1.2889
9 7 {100100100100000000} 1.2889
10 7 {100100100100000000} 1.2889

Table 13. Details of Figure 20 results.

Analysis No. Iteration No. Failure Mode Load Factor

1 10 {100100100100100110} 1.3318
2 15 {100100100100000000} 1.2889
3 20 {100100100100000000} 1.2889
4 14 {100100100100100110} 1.3318
5 21 {100100100100100110} 1.3318
6 21 {100100100100000000} 1.2889
7 14 {100100100100000000} 1.2889
8 10 {100100100100000000} 1.2889
9 19 {100100100100000000} 1.2889
10 8 {100100100100100000} 1.2900

According to Table 13, the highest error of prediction by the WOA relates to the load
factor of 1.3318, which occurred three times. The failure mode is {100100100100100110},
illustrating that mechanisms number 13, 16, and 17 were formed against the actual mecha-
nism ({100100100100000000}). These mechanisms are related to the floor of story 5, floor
of story 6, and beam of story 6 within span 1, respectively, according to Table 10. In this
example, the binary DE algorithm provided the exact load factor and failure mode in
all analyses. The GWO algorithm failed only twice for the exact load factor prediction.
Stating the result up to two decimal numbers results in only one error. Nevertheless, the
corresponding failure mode is different in each case. The number of errors in the WOA was
four in this example, revealing a higher error than the other two algorithms.

Last but not least, to compare the performance of each algorithm in the problem of
plastic method of structures with the help of the statistical values stated at the beginning of
this section, Table 14 is presented. In this table, binary DE shows no errors in each of the
ten analyses performed, while the GWO and WOA illustrated some errors in determining
the collapse load factor and the corresponding collapse mechanism of all examples.

Table 14. RMSE and MAE values for each algorithm.

Algorithm
Example One Example Two Example Three

Error No. RMSE MAE Error No. RMSE MAE Error No. RMSE MAE

Binary DE 0 0 0 0 0 0 0 0 0
GWO 2 0.07029 0.03000 2 0.007468 0.00334 2 0.01357 0.0044
WOA 4 0.01337 0.00743 3 0.000753 0.00039 4 0.02350 0.0130

It is noteworthy to mention that although the error frequency of the WOA was more
than that of the GWO algorithm in all three examples, the MAE and RMSE were less than
those of the GWO algorithm (except for the third example). This result demonstrates that
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although the frequency of the WOA error was higher, these error values were closer to the
actual response than those of the GWO algorithm.

5. Conclusions

This study addresses the challenge of analyzing structures to determine failure modes,
which typically requires significant computational resources and costs. By optimizing
the analysis process, this methodology enables engineers to obtain accurate solutions in
a shorter time frame, potentially saving computational resources and reducing analysis
costs. In this research, the analysis of steel moment frames was investigated using the
theory of plastic analysis by merging pre-defined mechanisms. Initially, a new algorithm
was proposed based on the principles of the dolphin echolocation algorithm, which is
specified for binary problems. Hence, through modification of the DE algorithm, binary DE
was introduced. Then, using the existing principles in the plastic method of steel frames,
the critical failure load factor and its corresponding failure mechanism were determined
with the aid of the proposed optimization algorithm. In order to compare the performance
of this algorithm with other similar algorithms in this field, two of the most popular
algorithms, called the grey wolf optimizer and whale optimization algorithm, were used
for this problem, and their results were compared with those of binary DE. By examining
three sample frames from the literature, this study established that binary DE provided
the answers with very high accuracy. Accordingly, the GWO was also accurate in failure
mode determination but with less precision than binary DE. Nonetheless, the WOA yielded
the lowest accuracy. Although binary DE could properly work for this specific problem
in structural engineering, a deeper investigation is required for other binary optimization
problems to extend it to other issues.
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