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Abstract: By adopting the distributed problem-solving strategy, swarm intelligence algorithms have been successfully applied to
many optimization problems that are difficult to deal with using traditional methods. At present, there are many well-implemented
algorithms, such as particle swarm optimization, genetic algorithm, artificial bee colony algorithm, and ant colony optimization.
These algorithms have already shown favorable performances. However, with the objects becoming increasingly complex, it is
becoming gradually more difficult for these algorithms to meet human’s demand in terms of accuracy and time. Designing a new
algorithm to seek better solutions for optimization problems is becoming increasingly essential. Dolphins have many noteworthy
biological characteristics and living habits such as echolocation, information exchanges, cooperation, and division of labor.
Combining these biological characteristics and living habits with swarm intelligence and bringing them into optimization prob-
lems, we propose a brand new algorithm named the ‘dolphin swarm algorithm’ in this paper. We also provide the definitions of the
algorithm and specific descriptions of the four pivotal phases in the algorithm, which are the search phase, call phase, reception
phase, and predation phase. Ten benchmark functions with different properties are tested using the dolphin swarm algorithm,
particle swarm optimization, genetic algorithm, and artificial bee colony algorithm. The convergence rates and benchmark func-
tion results of these four algorithms are compared to testify the effect of the dolphin swarm algorithm. The results show that in
most cases, the dolphin swarm algorithm performs better. The dolphin swarm algorithm possesses some great features, such as
first-slow-then-fast convergence, periodic convergence, local-optimum-free, and no specific demand on benchmark functions.
Moreover, the dolphin swarm algorithm is particularly appropriate to optimization problems, with more calls of fitness functions
and fewer individuals.
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1 Introduction ferences (Garnier et al., 2007). Many algorithms

have been designed based on the definitions and

Swarm intelligence has become a hot topic in
artificial intelligence and bionic calculation fields
since its appearance in the 1980s. Bonabeau et al.
(1999) defined swarm intelligence as “any attempt to
design algorithms or distributed problem-solving
strategies inspired by the collective behavior of so-
cial insect colonies and other animal societies”. The
main properties of swarm intelligence include de-
centralization, stigmergy, self-organization, positive
feedback, negative feedback, fluctuation, and dif-
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properties of swarm intelligence. These algorithms
can be divided into two categories: one is the bionic
process algorithm, based on the genetic algorithm
mainly imitating the process of population evolution;
the other is the bionic behavior algorithm, which
simulates the behavior model of different species
searching for prey, and the main representatives are
particle swarm optimization, artificial bee colony
algorithm, ant colony optimization, and so on. These
algorithms have been widely applied to the recon-
struction of grids (Kennedy, 2010), telecom network
routing (Ducatelle et al., 2010), wireless sensor
networks (Saleem et al., 2011), cluster analysis (Cura,
2012), pattern recognition (Eberhart and Shi, 2001),
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and other applications.

Currently, particle swarm optimization, genetic
algorithm, artificial bee colony algorithm, and ant
colony optimization are well implemented and have
shown favorable performances. They use the be-
havior rules of individuals and the interactions be-
tween individuals to produce changes at the group
level and achieve certain goals. The genetic algo-
rithm simulates the mutations and exchanges of
genes and finds the gene with the best environmental
adaptation by the rule of ‘survival of the fittest’
(Whitley, 1994; Mitchell, 1998). Particle swarm
optimization simulates the predatory behavior of bird
swarms, which involves finding the prey by ex-
changing information and picking out the best among
the search results, in addition to considering the in-
formation from other birds (Eberhart and Kennedy,
1995; Poli et al., 2007; Kennedy, 2010). The artificial
bee colony algorithm simulates the bees’ honey-
gathering behavior and finds better nectar sources
through cooperation and division of labor (Karaboga,
2005; Karaboga and Basturk, 2007; Karaboga et al.,
2014). Ant colony optimization simulates the forag-
ing behavior of ants, which involves finding the
shortest path from the nest to the food using phero-
mones for information exchanges (Dorigo et al.,
1996; Dorigo and Birattari, 2010; Mohan and
Baskaran, 2012).

Humans obtain favorable outcomes by imitating
nature. The existing swarm intelligence algorithms
can solve many practical problems. However, with
the objects of optimization problems becoming in-
creasingly complex and data becoming gradually
enormous, traditional swarm intelligence algorithms
cannot meet the practical demands in terms of time
and accuracy. Because improvements in these tradi-
tional algorithms have gradually decreasing effect,
designing a new algorithm to deal with optimization
problems may be a better solution.

Apart from ants, bees, and birds, which have
been successfully simulated, there are still many
other creatures, such as bacteria and fireflies (Par-
pinelli and Lopes, 2011), worth our attention, and
dolphin is one of them. The dolphin has many bio-
logical characteristics and living habits worth being
learned from and simulated, such as echolocation,
cooperation and division of labor, and information
exchanges. Several phases, including the search
phase, call phase, reception phase, and predation

phase, comprise the dolphin’s predatory process, and
these characteristics and habits help the dolphin
achieve its goal during the predatory process. By
simulating the biological characteristics and living
habits shown in the dolphin’s predatory process, we
propose a new algorithm named the ‘dolphin swarm
algorithm’.

These characteristics and habits simulated in the
dolphin swarm algorithm conform to the thoughts of
swarm intelligence but differ from traditional swarm
intelligence algorithms in their details. Take particle
swarm optimization as an example. Although both
methods use the concept of ‘individual’ and the in-
teractions between multiple individuals to find the
optimized solution, the way they get things done is
totally different. Unlike particle swarm optimization
(just moving forward to the solution), the dolphin
swarm algorithm takes advantage of echolocation
and adopts different strategies to obtain the solution
more effectively, which may be a breakthrough.
Furthermore, an algorithm based on dolphin’s bio-
logical characteristics and living habits does not exist,
which is why we make an attempt at simulating
dolphins here.

2 Behavior of dolphin swarm

Dolphin is generally acknowledged as one of
the smartest animals and it has a lot of interesting
biological characteristics and living habits worth our
attention.

1. Echolocation: Dolphin has good eyesight, but
the good eyesight helps the dolphin little with pre-
dation in poor light conditions. Instead, the dolphin
uses a special ability to search for prey, which is
echolocation. Dolphin is one of the few creatures that
are adept at using echolocation. It can make sounds
and estimate the location, distance, and even the
shape of the prey according to echo intensity. With
the help of echo, the dolphin can have a better per-
ception of the surrounding environment.

2. Cooperation and division of labor: In most
cases, predatory behavior is not achieved by one
dolphin alone but by the joint efforts of many dol-
phins through cooperation and division of labor.
Facing large preys, the predatory behavior is unlikely
to be achieved by only one dolphin. In such a
case, the dolphin calls other dolphins for help with
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predation. Moreover, there is a specific division of
labor between the dolphins. For instance, the dol-
phins close to the prey are responsible for tracking
the movements of the prey and the dolphins far away
from the prey form a circle to surround the prey.

3. Information exchanges: Current studies show
that dolphins have the ability to exchange infor-
mation. They can express different ideas by using
sounds at different frequencies and have their own
language system. In the predatory process, especially
under cooperation and division of labor, the ability of
exchanging information is frequently used to call
other dolphins and update the location of the prey.
With the help of information exchanged, the dolphin
can take better suited actions to make the predation
more effective.

The whole process of dolphin’s predation con-
sists of three stages. In the first stage, each dolphin
independently takes advantage of sounds to search
for nearby preys and to evaluate the surrounding
environment using echoes. In the second stage, dol-
phins exchange their information. The dolphins that
find large preys call other dolphins for help. The
dolphins that have received information move to-
ward the prey and surround it along with other dol-
phins. In the last stage, the prey is surrounded by the
dolphins and then what the dolphins need to do is to
take turns to enjoy the food, which means that pre-
dation is accomplished.

3 Dolphin swarm algorithm

The dolphin swarm algorithm (DSA) is imple-
mented mainly by simulating the biological charac-
teristics and living habits shown in the dolphin’s
actual predatory process. The simulated predatory
process is similar to the one described in Section 2.
Main definitions and pivotal phases are introduced in
Sections 3.1 and 3.2, respectively, and other defini-
tions are introduced physically close to the part in
which they are referred to in Section 3.2. The com-
plete algorithm is expounded in Section 3.3.

3.1 Main definitions
3.1.1 Dolphin

Based on the idea of swarm intelligence, we
need a certain number of dolphins to simulate the

biological characteristics and living habits shown in
the dolphin’s actual predatory process. In the opti-
mization problem, each dolphin represents a feasible
solution. Because the expressions of feasible solu-
tions of different optimization problems vary, the
dolphin in this study is defined as Dol=[xy, x,, ...,
)CD]T (i=1, 2, ..., N), for better understanding, namely,
a feasible D-dimensional solution, where N is the
number of dolphins and x; (=1, 2, ..., D) is the
component of each dimension to be optimized.

3.1.2 Individual optimal solution and neighborhood
optimal solution

The individual optimal solution (denoted as L)
and neighborhood optimal solution (denoted as K)
are two variables associated with the dolphin. For
each Dol; (i=1, 2, ..., N), there are two corresponding
variables L; (i=1, 2, ..., N) and K; (i=1, 2, ..., N),
where L; represents the optimal solution that Dol;
finds in a single time and K; the optimal solution of
what Dol; finds by itself or gets from others.

3.1.3 Fitness

Fitness E is the basis for judging whether the
solution is better. In DSA, E is calculated by a fitness
function, and the closer it is to zero, the better it is.
Because the fitness functions corresponding to dif-
ferent optimization problems are also different, for
better understanding, the fitness function is repre-
sented as Fitness(X) in this study, and specific ex-
amples of this fitness function can be found in Sec-
tion 4.

3.1.4 Distance

In DSA, three types of distances are used in total.
The first is the distance between Dol; and Dol
named DD, ;, which can be formulated as follows:

DD, ,=|Dol, — Dol ||, i,;/=1.2,...N,i#j. (1)

The second is the distance between Dol; and K;,
named DK, which can be formulated as follows:

DK, =|Dol, - K,

i

, i=1,2,...N. )

The third is the distance between L; and K;,
named DKL, which can be formulated as follows:

DKL, =||L, - K[, i=1.2,..N. 3)
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DD;; affects the information transfer between
Dol; and Dol; DK; and DKL; thus influence the
movement of Dol; in the predation phase.

3.2 Pivotal phases

DSA can be divided into six phases, including
the initialization phase, search phase, call phase,
reception phase, predation phase, and termination
phase. This subsection is aimed to expound the four
pivotal phases of DSA, i.e., search phase, call phase,
reception phase, and predation phase.

3.2.1 Search phase

In the search phase, each dolphin searches its
nearby area by making sounds toward M random
directions. Similarly, the sound is defined as V;=[v,
V2, ey vD]T (=1, 2, ..., M) in this study, where M is
the number of sounds and v; (=1, 2, ..., D) is the
component of each dimension, namely the direction
attribute of the sound. In addition, sound satisfies
|[Vil=speed (i=1, 2, ..., M), where ‘speed’ is a con-
stant representing the speed attribute of sound. To
prevent dolphins from getting stuck in the search
phase, we set a maximum search time 7;. Within the
maximum search time 77, the sound V; that Dol; (i=1,
2, ..., N) makes at time ¢ will search for a new solu-
tion Xj;;, which can be formulated as

X, =Dol, +V 1. 4)

For the new solution Xj; that Dol; gets, its fitness Ej;
is calculated as follows:

E,, =Fitness(X,). 5)
If
E,,, =min Jel 2 M=12, T, E, ©)
=min_, ..., ;Fitness(X;),

then the individual optimal solution L; of Dol; is
determined as

Li:Xiab- (7)
If
Fitness(L;)<Fitness(K;), ®)

then K; is replaced by L;; otherwise, K; does not
change.

After all the Dol; (i=1, 2, ..., N) update their L;
and K; (if they can be updated), DSA enters the call
phase.

3.2.2 Reception phase

Although the reception phase takes place after
the call phase, it is necessary to expound on the re-
ception phase first for better understanding. In DSA,
the exchange process (including the call phase and
the reception phase) is maintained by an NxN-order
matrix named the ‘transmission time matrix’ (TS),
where TS;; represents the remaining time for the
sound to move from Dol; to Dol,.

When DSA enters the reception phase, all the
terms TS;; (=1, 2, ..., N; j=1, 2, ..., N) in the trans-
mission time matrix decrease by one to indicate that
the sounds spread over one unit of time. Then DSA
needs to check every term TS;; in the matrix, and if

TS, =0, )

then it means that the sound sent from Dol; to Dol;
can be received by Dol;. Then we need to replace
TS;; by a new time term named ‘maximum trans-
mission time’ (7), to indicate that the corresponding
sound has been received. Comparing K; and K, if

Fitness(K;)>Fitness(K}), (10)

then K; is replaced by K;; otherwise, K; does not
change.

After all the terms in matrix TS satisfying
Eq. (9) are handled, DSA enters the predation phase.

3.2.3 Call phase

In the call phase, each dolphin makes sounds to
inform other dolphins of its result in the search phase,
including whether a better solution is found and the
better solution’s location. The transmission time
matrix TS needs to be updated as follows:

For K;, K}, and TS, j, if

Fitness(K;)>Fitness(K;), (11)
and
DD, .
TS, >[—’f—‘, (12)
: A-speed
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where ‘speed’ is a constant representing the speed
attribute of sound, as mentioned in Section 3.2.1, and
A is a constant representing the acceleration, which
can make sounds spread faster in case the speed is
rather slow. Then, TS;; is updated as follows:

DD, .
TS, =|—— |, (13)
7| A-speed

After all the TS;; (=1, 2, ..., N; j=1, 2, ..., N)
terms are updated (if they can be updated), DSA
enters the reception phase.

3.2.4 Predation phase

In the predation phase, each dolphin needs to
calculate the encircling radius R,, which determines
the distance between the dolphin’s neighborhood
optimal solution and its position after the predation
phase according to the known information, and then
gets a new position. For each dolphin, the known
information contains its own position, its individual
optimal solution L, its neighborhood optimal solution
K, distance DK, and distance DKL; the search radius
Ry, which represents the maximum range in the
search phase, can be calculated as follows:

R\=Txspeed. (14)

Generally, the calculation of encircling radius
R, and the update of the dolphin’s position should be
discussed in three cases. In the following we take
Dol; (=1, 2, ..., N) as an example to illustrate these
three cases.

(a) For the currently known information of Dol;

(i=1,2, ..., N), if
DK<R), (15)

then it means that the neighborhood optimal solution
K; of Dol; is within the search range. For simplicity,
in this case, DSA also regards the individual optimal
solution L; as K; (Fig. 1).

In this case, the encircling radius R, can be
calculated as follows:

R2=(1—EJDK,., e>2, (16)
e

Fig. 1 Case (a) in the predation phase

where e is a constant named the ‘radius reduction
coefficient’, which is greater than two and usually set
as three or four. It can be easily seen that R, gradually
converges to zero.

After obtaining the encircling radius R, we can
obtain Dol;’s new position newDol;:

newDol, = K, + M&. (17)
DK,

i

Namely, Dol; moves toward K; and stops at the posi-
tion that is R, distance away from K; (Fig. 2).

Fig. 2 The result of Dol’s movement in case (a)

(b) For the currently known information of Dol;
=1,2,...,N),if

DK>R, (18)
and
DK, >DKL,, (19)

then it means that Dol; updates K; by receiving in-
formation from others and L; is closer to Dol; than K;
is (Fig. 3).
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Fig. 3 Case (b) in the predation phase

In this case, the encircling radius R, can be
calculated as follows:

DK, DK, -DKL,

R =|1- Fitness(K) Flltness(Ll.) DK,, e>2.
K,——
Fitness(K )
(20)

After obtaining the encircling radius R,, we can ob-
tain Dol;’s new position newDol;:

€2y

newDol. = K, +M -
||Rand0m||

Namely, Dol; moves to a random position that is R,
distance away from K; (Fig. 4).

(c) For the currently known information of Dol;
(=1, 2, ..., N), if it satisfies inequality (18) and

DK, < DKL, (22)

then it means that Dol; updates K; by receiving in-
formation from others and K; is closer to Dol; than L;
is (Fig. 5).

Fig. 4 The result of Dol’s movement in case (b)

Fig. 5 Case (c) in the predation phase

In this case, the encircling radius R, can be
calculated as

DK, DKL, -DK,
R =|1- Fitness(K,) Flltness(L,.) DK,, e>2.
e-DK, —————
Fitness(K,)

(23)

After obtaining the encircling radius R, we can
obtain Dol;’s new position newDol; by Eq. (21).
Namely, Dol; moves to a random position that is R,
distance away from K; (Fig. 6).

Fig. 6 The result of Dol;’s movement in case (c)

After Dol; moves to the position newDol,,
comparing newDol; with K; in terms of fitness, if

Fitness(newDol,) < Fitness(KX,), (24)

then K; is replaced by newDol; otherwise, K; does
not change.

After all the Dol; (i=1, 2, ..., N) update their
positions and K; (if it can be updated), determine
whether DSA meets the end condition. If the end
condition is satisfied, DSA enters the termination
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phase. Otherwise, DSA enters the search phase again.
3.3 Overall implementation

Algorithm 1 shows the overall DSA. It can be
seen that the four pivotal phases are included, as well
as the initialization phase and the termination phase.
The initialization phase of DS contains the initiali-

zation of dolphins and the initialization of parameters.

The initialization of dolphins is better when distrib-
uted randomly and evenly, and the initialization of
parameters needs to be set according to different
optimization problems. There are numerous condi-
tions that can be used as the end condition, such as
running out of given time, satisfying a certain preci-

sion, using up the calls of fitness functions, and so on.

When the end condition is satisfied, the best one of K;
(=1, 2, ..., N) will be the output.

Algorithm 1 Dolphin swarm algorithm

Step 1: initialize

Randomly and evenly generate the initial dolphin
swarm Dol={Dol;, Dol,, ..., Doly} in the
D-dimensional space.

Calculate the fitness for each dolphin, and obtain
Fitg={Fity ,, Fitk,, ..., Fitg y}.

Step 2: start loop

while the end condition is not satisfied do

Step 2.1: search phase

E;=Fitness(Dol+ V1)
Fit;={min{Ey;}, min{Ey}, ..., min{Ey;} }
Fit, ;, if Fit, ; <Fit,
Fit,. :{ ‘ L, L, K,
’ Fit

x>  otherwise.

Step 2.2: call phase

DD, | ... . DD,
——=— | if Fit, , <Fit,, and TS, > B
TS, ; =4| A-speed 7 * 77| A-speed

TS, ;, otherwise.

Step 2.3: reception phase
TS, reduces one unit time

Fit, ,, if TS,; =0and Fit, , <Fit,,
Fit,, =4 " ‘ ’ ’

Fit,,,  otherwise.

Step 2.4: predation phase
Calculate DK; and DKL,
if DK;<R,

R, :(I—EJDKI.
e

else if DK, >DKL;

DK, N DK, -DKL,

__ Fitness(K,) Flltness(Ll.) DK,
DK,———

Fitness(K,)

R,=|1

DK, DKL -DK,
B 1_Fitness(K[) Fitness(L,)

: DK,

DK,—
Fitness(K,)

end if

Dol; gets a new position, calculates its fitness, and
updates Fitg;

end while

output the best one of K; (i=1, 2, ..., N)

4 Experiments

The experiments are divided into two parts. In
the first part, DSA is compared with particle swarm
optimization (PSO), the artificial bee colony algo-
rithm (ABC), and the genetic algorithm (GA) in
terms of the convergence curves of four benchmark
functions with different extreme value distributions.
In the second part, these four algorithms are com-
pared in terms of the results of 10 benchmark
functions.

In the experiments, 10 benchmark functions
with different properties are used, which can be seen
in Egs. (25)—(34) (Yao et al., 1999). Considering the
distribution of extreme values, there are unimodal
functions (fi(x)—f4(x)), step functions (f5(x)), func-
tions with random numbers (fs(x)), and multimodal
functions (f7(x)—f10(x)). Considering whether the
variables are separable, fi(x), f5(x), fs(x), and fz(x) are
separable and others are nonseparable. Apart from
that, some benchmark functions have certain prop-
erties different from others, such as the discontinuity
of f5(x) and the asymmetry of fg(x). These properties
can help us testify the performances and characteris-
tics of DSA such as the convergence rate and the
possibility of falling into local optimum solutions, in
various situations.
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K=Y, (3)
1.9 = Y|+ T T 20

fi0)= Z[Zx] , @n
f4(x)=max{|x,.|:1SiSn}, (28)

fs(x>=i(Lx,- +0.5]). (29)

fix)= Zn:ix;‘ +(random —| random |),  (30)

n—1

£, =3 [100(x, —x)) + (=D ], (3
fi(x) = i[xf ~10cos(2mx,) +10], (32)

1 &, o ,
0= 4505 > —Hcos(x,./\/;)ﬂ, (33)

i=1

fio(x)= O.I{Sin2(3nxl) + "z_l(x,. ~1)*[1+sin*Bmx,) |

i=1

+(x, —D[1+ sin2(2nxn)]} +Zn:u(xl.,5,100,4),

. k(x,—a)", x,>a,
where Zu(x,.,a,k,m): 0, —a<x <a,
i=1
k(-x,—a)", x <a.

(34)

Apart from the 10 benchmark functions, the in-
itial distributions and the parameters that these four
algorithms use in the experiments are also very im-
portant. To obtain better results, the initial distribu-
tions of individuals of these four algorithms are al-
ways the same in a single experiment. Moreover, the
parameters of PSO, GA, and ABC chosen in the
experiments have been widely used, and the param-
eters of DSA are decided after running some tests.
All of them are shown in Table 1.

Table 1 Parameters used for different algorithms

Algorithm Parameter(s)
DSA T=3, T,=1000, Speed=1, A=5, M=3, e=4
PSO V=10, C,=2, C;=2, W=0.8
GA SwiP=0.6, ChaP=0.05
ABC MaxTimes=10

4.1 Comparison of convergence rate

We compare these four algorithms under the
benchmark functions f(x), f5(x), fs(x), and f3(x), re-
spectively, with 10 dimensions (each dimension is in
the range [—100, 100]), 10 individuals, and 10000
calls of benchmark functions. We plot the results of
the former 50 loops that are typical and easy to ob-
serve and obtain four curves (Figs. 7-10).

Figs. 7-10 show that although fi(x), f5(x), fo(x),
and f7(x) represent the unimodal function, step func-
tion, function with random numbers, and multimodal
function, respectively, having completely different
distributions of extreme values, the convergence of
these four algorithms does not change much because
of the different distributions of the extreme value. In
the initial loops, ABC has the fastest convergence
and DSA has the slowest convergence. With the in-
crease of the number of loops, the other three algo-
rithms’ convergence slows down, but DSA retains a
relatively high convergence rate. Furthermore, DSA
becomes the fastest one when the number of loops
reaches 25. In addition, we can see that the conver-
gence curve of DSA does not decline linearly as the
curve of PSO does, and that it has a periodic con-
vergence, similar to GA.

1.4
) —o—DSA
1.2r PSO
——GA
10} ABC
k=)
*x o0s8f
1]
1%
2 o6r
£
0.4}
0.2}

o

Loop

Fig. 7 The former 50 loops’ convergence curves under a
unimodal function f;(x)

Through the above analysis, we can understand
that DSA possesses some great features such as
first-slow-then-fast convergence and periodic con-
vergence. The reason that DSA possesses these fea-
tures is that the information exchanges cause delay.
We can learn from Eq. (13) that the delay is propor-
tional to the distance between the dolphins. So, in the
first few loops, the convergence is greatly influenced
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by the delay, but the influence becomes smaller with
the decrease in the distance between dolphins. The
advantage is that each dolphin has more time for
searching its own surrounding area, which enlarges
the whole dolphin swarm’s search area at the group
level and avoids prematurity in DSA.

0 10 20 30 40 50
Loop

Fig. 8 The former 50 loops’ convergence curves under a
step function f3(x)

1.0 1=
o9t
08f
07t
06
051
04f
03f
02f
01}t
0

Fitness (x10%)

0 10 20 30 40 50
Loop

Fig. 9 The former 50 loops’ convergence curves under a
random number function fg(x)

4.5

7AEH555§SE§EEHEHEEHR

0 10 20 30 40 50
Loop

Fig. 10 The former 50 loops’ convergence curves under a
multimodal function f;(x)

4.2 Comparison of results

DSA, PSO, GA, and ABC are compared with
each other under four conditions: (1) 10 dimensions,
10 individuals, and 10000 calls of benchmark func-
tions; (2) 30 dimensions, 10 individuals, and 10000
calls of benchmark functions; (3) 30 dimensions, 10
individuals, and 20000 calls of benchmark functions;
(4) 30 dimensions, 20 individuals, and 20000 calls of
benchmark functions (to be clear, each dimension
ranges from —100 to 100). We use 10 benchmark
functions with different properties to test these four
algorithms and compare the results to find out the
performances of these four algorithms in terms of
different dimensions, different numbers of calls of
benchmark functions, and different numbers of in-
dividuals. To obtain a better comparison and to re-
duce the influence of accidental factors, all the ex-
perimental results are obtained by carrying out each
experiment 20 times. Furthermore, for each bench-
mark function, the algorithm that obtains the best
result is tested with the other three algorithms using
Wilcoxon’s tests at the 5% significance level to as-
sess whether it is significantly different from others.

Considering five significant figures, the results
of 10 dimensions, 10 individuals, and 10000 calls of
benchmark functions are shown in Table 2.

Considering five significant figures, the results
of 30 dimensions, 10 individuals, and 10000 calls of
benchmark functions are shown in Table 3.

Considering five significant figures, the results
of 30 dimensions, 10 individuals, and 20000 calls of
benchmark functions are shown in Table 4.

Considering five significant figures, the results
of 30 dimensions, 20 individuals, and 20000 calls of
benchmark functions are shown in Table 5.

The Wilcoxon test results of 10 dimensions, 10
individuals, and 10000 calls of benchmark functions
are shown in Table 6.

The Wilcoxon test results of 30 dimensions, 10
individuals, and 10000 calls of benchmark functions
are shown in Table 7.

The Wilcoxon test results of 30 dimensions, 10
individuals, and 20000 calls of benchmark functions
are shown in Table 8.

The Wilcoxon test results of 30 dimensions, 20
individuals, and 20000 calls of benchmark functions
are shown in Table 9.
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Table 2 Results of 10 dimensions, 10 individuals, and 10 000 calls of benchmark functions”
DSA PSO GA ABC

/ Mean SD Mean SD Mean SD Mean SD

1 4.0952E-02 1.9310E-02 1.0381E-01 6.7210E-02 2.5144E+00 1.4113E+00 8.7918E+00 5.8950E+00
2 3.6584E+02 3.7017E+01 5.2116E+01 4.8908E+01 3.3395E+00 7.5360E+00 3.1984E+01 6.3306E+00
3 1.8570E-01 8.8500E-02 1.6225E+00 6.2251E-01 3.0973E+02 5.7932E+02 2.9351E+01 1.1479E+01
4 2.2849E-01 5.5701E-02 1.1778E+00 3.1622E-01 3.4555E+00 1.1239E+00 2.3269E+00 8.5382E-01
5 5.5000E-01 5.0133E+02 9.5000E-01 7.5239E+02 3.1000E+00 1.9903E+03 2.6550E+01 4.8312E+03
6 1.2387E-01 4.2163E-01 2.9170E-01 1.6633E+00 4.8454E+00 1.3540E+00 1.0538E+01 2.0277E+01
7  1.2126E+01 4.3159E-02 1.4582E+02 1.4755E-01 2.3748E+02 1.0488E+01 4.2692E+02 1.1533E+02
8 4.5203E+01 1.5839E+01 3.9601E+01 1.2466E+01 3.1065E+01 1.0484E+01 1.1078E+02 1.5082E+01
9 3.0474E-01 2.8693E-02 1.8998E-01 7.7729E-02 1.5882E-01 4.3140E-02 3.6338E-01 1.7930E-01
10 1.9193E-02 1.2286E-02 1.1459E+00 2.2834E-01 6.4376E-01 2.1027E-01 5.9111E+00 2.8407E+00

" 10 dimensions, 10 individuals, and 10000 calls of benchmark functions. DSA: dolphin swarm algorithm; PSO: particle swarm optimization;
GA: genetic algorithm; ABC: artificial bee colony algorithm. The best means and standard deviations are shown in bold font

Table 3 Results of 30 dimensions, 10 individuals, and 10 000 calls of benchmark functions”

DSA PSO GA ABC

4 Mean SD Mean SD Mean SD Mean SD

1 1.5366E+00 4.1730E-01 2.4810E+01 8.4769E+00 1.1025E+02 1.9096E+01  2.3064E+02 1.1955E+02
2 3.5572E+07 1.8406E+08  3.0532E+02 6.3785E+06 2.8050E+01 4.7533E+00 1.1133E+06 4.4385E+11
3 4.8027E+03 3.0112E+03  1.8541E+03 2.2175E+03  8.3556E+03 5.5925E+03  8.9346E+02 2.7768E+02
4 47295E+01 3.2349E+00 1.6671E+01 5.6519E+00 1.7271E+01 2.5167E+00  8.9888E+00 1.6007E+00
5 1.6650E+01 1.6492E+04 6.9450E+01 4.3500E+04  1.0045E+02 1.1690E+05  4.6680E+02 8.9046E+05
6  7.7853E+01 7.6855E+00 7.2054E+02 3.1462E+01  1.0932E+04 2.4360E+01  1.3858E+05 1.6839E+02
7  2.6139E+03 2.8632E+02 6.5296E+04 3.8438E+03  2.0330E+05 1.9170E+04  8.2267E+05 7.1539E+04
8 5.7357E+02 1.2665E+01 4.6590E+02 8.5866E+01  3.2698E+02 5.5421E+01  7.6486E+02 1.3112E+02
9 1.3722E-01 5.4700E-02  7.1891E-01 1.8520E-01  1.0199E+00 2.7714E-02  1.0621E+00 2.4348E-02
10 3.6159E+01 1.3720E+01 6.8454E+02 3.0980E+03  2.4708E+03 1.7005E+02  3.2510E+04 6.5621E+04

" 30 dimensions, 10 individuals, and 10000 calls of benchmark functions. DSA: dolphin swarm algorithm; PSO: particle swarm optimization;
GA: genetic algorithm; ABC: artificial bee colony algorithm. The best means and standard deviations are shown in bold font

Table 4 Results of 30 dimensions, 10 individuals, and 20 000 calls of benchmark functions”

DSA PSO GA ABC

4 Mean SD Mean SD Mean SD Mean SD

1 4.5687E-01 1.3113E-01  6.0207E+00 2.6094E+00 2.4860E+01 4.3055E+00 1.4821E+02 7.3404E+01
2 1.4030E+06 1.9511E+07 9.6458E+01 1.4728E+03 1.3919E+01 1.7036E+00 1.7950E+04 8.8785E+08
3 7.2629E+02 1.3672E+02 9.8590E+02 1.7856E+02  8.1918E+03 1.2433E+03  7.4988E+02 1.9090E+024
4 3.2425E+01 S5.1714E+00 1.3214E+01 3.6323E+00 1.1264E+01 1.3484E+00 7.5195E+00 1.0374E+00
5 9.6500E+00 4.7348E+03 4.8950E+01 5.3335E+03  2.3900E+01 1.3369E+04 4.3845E+02 1.7307E+05
6 1.0345E+00 3.5901E+00 3.5383E+02 2.4369E+01 1.1233E+03 8.2030E+00 8.2524E+04 1.0039E+02
7 5.7867E+02 2.8560E-01 5.7293E+03 1.2105E+02 1.5000E+04 1.0281E+03 2.8673E+05 3.7745E+04
8 3.8178E+02 1.9239E+02 4.0938E+02 1.2907E+02 1.4909E+02 2.8508E+01 6.6761E+02 1.5228E+02
9 4.9872E-02 9.0204E-03  3.2722E-01 9.9407E-02  6.0646E-01 1.0127E-01  1.0172E+00 3.5509E-02
10 2.5223E-01 2.6650E+02 4.7023E+01 3.6029E+02 4.1694E+00 1.2468E+02 4.3353E+03 8.4872E+03

" 30 dimensions, 10 individuals, and 20000 calls of benchmark functions. DSA: dolphin swarm algorithm; PSO: particle swarm optimization;
GA: genetic algorithm; ABC: artificial bee colony algorithm. The best means and standard deviations are shown in bold font
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Table 5 Results of 30 dimensions, 20 individuals, and 20 000 calls of benchmark functions”

DSA PSO GA ABC

Y Mean SD Mean SD Mean SD Mean SD

1 2.5703E-01 1.1975E-01 2.7147E+00 1.4511E+00 4.4210E+01 1.3022E+01 6.5128E+01 2.5017E+01
2 1.0323E+06 3.3844E+04 4.9666E+03 3.4153E+01 1.5371E+01 1.9777E+00 2.2891E+03 2.7662E+01
3 1.4992E+03 5.1954E+02 2.8314E+02 6.8338E+01 8.5693E+03 2.7337E+03  2.4964E+02 7.5860E+01
4 3.8435E+01 1.1171E+01  9.1320E+00 2.4495E+00 1.3460E+01 1.5461E+00 4.6010E+00 9.7510E-01
5 8.8000E+00 1.2198E+03 2.2050E+01 1.4610E+03 3.6100E+01 2.0406E+04  1.5335E+02 5.7125E+04
6 3.1105E+00 4.2111E+00 1.6347E+02 6.3736E+00 4.5588E+03 7.8571E+00 7.9554E+03 4.3773E+01
7 6.7230E+02 2.0771E+00 2.4310E+03 8.0269E+01  5.0200E+04 6.0619E+03  6.8598E+04 7.7401E+03
8 3.3455E+02 7.5910E+01  2.9593E+02 9.5788E+01 1.9154E+02 2.7627E+01 4.5543E+02 4.7401E+01
9 4.9769E-02 1.0960E-02 2.0259E-01 7.0340E-02  8.8745E-01 9.5604E-02  9.4599E-01 5.0370E-02

10 6.2604E+00 3.1977E+00 3.0539E+01 1.9782E+01 2.5368E+01 3.7161E+02  3.3203E+01 7.7212E+00

" 30 dimensions, 20 individuals, and 20000 calls of benchmark functions. DSA: dolphin swarm algorithm; PSO: particle swarm optimization;
GA: genetic algorithm; ABC: artificial bee colony algorithm. The best means and standard deviations are shown in bold font

Table 6 Results of Wilcoxon’s tests of the four algorithms”

Table 7 Results of Wilcoxon’s tests of the four algorithms”

f DSA PSO GA ABC f DSA PSO GA ABC
1 - 0 1 1 1 - 1 1 1
2 1 0 - 1 2 1 1 - 1
3 - 1 1 1 3 1 1 1 -
4 - 1 1 1 4 1 1 1 -
5 - 1 1 1 5 - 1 1 1
6 - 0 1 1 6 - 1 1 1
7 - 1 1 1 7 - 1 1 1
8 0 0 - 1 8 0 0 - 1
9 0 0 - 1 9 - 1 1 1
10 - 1 1 1 10 - 1 1 1

* 10 dimensions, 10 individuals, and 10000 calls of benchmark
functions

Table 8 Results of Wilcoxon’s tests of the four algorithms”

* 30 dimensions, 10 individuals, and 10000 calls of benchmark

functions

Table 9 Results of Wilcoxon’s tests of the four algorithms”

I DSA PSO GA ABC f DSA PSO GA ABC
1 - 1 1 1 1 - 1 1 1
2 1 1 - 1 2 1 1 - 1
3 - 1 1 1 3 1 1 1 -
4 1 1 1 - 4 1 1 1 -
5 - 1 1 1 5 - 1 1 1
6 - 1 1 1 6 - 1 1 1
7 - 1 1 1 7 - 1 1 1
8 0 0 - 1 8 0 0 - 1
9 - 1 1 1 9 - 1 1 1
10 - 1 0 1 10 - 1 1 1

" 30 dimensions, 10 individuals, and 20000 calls of benchmark
functions

In Tables 25, the best means and standard de-

viations of the four algorithms are shown in bold font.

In Tables 6-9, the algorithm that obtains the best
result is represented as ‘—’, and ‘1’ means that the
algorithm is significantly different from the best one.

" 30 dimensions, 20 individuals, and 20000 calls of benchmark
functions

On the contrary, ‘0’ means that the algorithm is not
significantly different from the best one.

Tables 2-9 show that DSA performs better in
most cases and has advantages in terms of magnitude
over the other three algorithms in more than half of
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the cases. In the benchmark function fs(x), DSA (with
a smaller standard deviation) and PSO are not sig-
nificantly different from GA, although GA leads to
the best results in the benchmark function fg(x). In
some benchmark functions, taking benchmark func-
tion f3(x) as an example, DSA obtains unsatisfactory
results, while GA obtains the best results. We can
learn from Eq. (26) that there is a continuous multi-
plication that influences the benchmark function f>(x)
the most. It means that the shape of the benchmark
function f,(x) is too precipitous, which is unsuitable
for DSA, because dolphins move around the neigh-
borhood optimal solution in DSA. If the shape of the
fitness function around the neighborhood optimal
solution is too precipitous, then the predation phase
is more likely to move to a random position. On the
contrary, GA just exchanges the genes and selects the
best one, so the shape of the fitness function has little
influence on GA’s performance. In other words, the
performance of DSA varies when the shape of the
fitness function is different, but in most cases, DSA
performs well.

Comparing Tables 2 and 3, we can figure out
that without changing other parameters but the di-
mension, DSA performs better in low-dimensional
unimodal functions and high-dimensional multi-
modal functions, and that the performance with low
dimension is generally better than that with high
dimension. Comparison of Tables 3 and 4 shows that
DSA leads to better results with more calls of the
benchmark function, which corresponds to the con-
clusions shown in Section 4.1. Because of the delay
caused by information exchanges, DSA converges
faster than the other three algorithms due to the in-
crease in the number of calls of the benchmark
function. Comparison of Tables 4 and 5 shows that
DSA performs worse than before when the number of
individuals increases, which also conforms to the
conclusions shown in Section 4.1. Because the in-
crease in the individual number means a decrease of
the total loop number, there are not enough loops for
DSA to converge faster than the other three algo-
rithms since DSA has first-slow-then-fast conver-
gence. Based on the above analysis, we can see that
better results can be achieved by increasing the
number of calls of the benchmark function appro-
priately when the solutions to the optimization
problem become complex, while increasing the
number of individuals does not work.

5 Conclusions

In this paper we first introduce some of the
noteworthy biological characteristics and living
habits of a dolphin and use the dolphin swarm’s
predatory process to explain how these biological
characteristics and living habits work. Then, we
propose a brand new algorithm, the dolphin swarm
algorithm (DSA), based on the idea of swarm intel-
ligence by simulating these biological characteristics
and living habits and give specific descriptions of the
four pivotal phases in the algorithm, which are search
phase, call phase, reception phase, and predation
phase.

In the experiment section, DSA is compared
with PSO, GA, and ABC in terms of the convergence
rate and the benchmark function results. After com-
paring these four algorithms’ convergence curves
under four benchmark functions with different ex-
treme value distributions, we conclude that DSA
possesses some great features such as first-slow-
then-fast convergence and periodic convergence, and
that DSA is more suitable for the optimization
problems where fitness functions are called more
often. After comparing these four algorithms’ results
under 10 benchmark functions with different prop-
erties, we conclude that in more than half of the cases,
DSA performs better, especially in low-dimensional
unimodal functions, high-dimensional multimodal
functions, step functions, and functions with random
numbers. The experimental results indicate that DSA
has better performance with fewer individuals, that
DSA is sensitive to increase in dimensionality, and
that the performances in low-dimensional multi-
modal functions and high-dimensional unimodal
functions may not be good enough, and can be fur-
ther optimized.

With reference to follow-up work, the applica-
tion of DSA to other models, such as applying DSA
in an extreme learning machine, is a further goal.
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