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Abstract: This study proposes an improved vector-weighted averaging algorithm (IDEINFO) for the
optimization of different problems. The original vector-weighted optimization algorithm (INFO)
uses weighted averaging for entity structures and uses three core procedures to update the positions
of the vectors. First, the update rule phase is based on the law of averaging and convergence
acceleration to generate new vectors. Second, the vector combination phase combines the obtained
vectors with the update rules to achieve a promising solution. Third, the local search phase helps the
algorithm eliminate low-precision solutions and improve exploitability and convergence. However,
this approach pseudo-randomly initializes candidate solutions, and therefore risks falling into local
optima. We, therefore, optimize the initial distribution uniformity of potential solutions by using a
two-stage backward learning strategy to initialize the candidate solutions, and a difference evolution
strategy to perturb these vectors in the combination stage to produce improved candidate solutions.
In the search phase, the search range of the algorithm is expanded according to the probability
values combined with the t-distribution strategy, to improve the global search results. The IDEINFO
algorithm is, therefore, a promising tool for optimal design based on the considerable efficiency of
the algorithm in the case of optimization constraints.

Keywords: differential evolution strategy; global search optimization; optimization algorithm; search
accuracy; weighted mean of vectors

1. Introduction

As society develops, so will the complexity of its problems. Solving these increas-
ingly complex problems is a key part of promoting ongoing development. Traditional
algorithms no longer meet the necessary performance requirements for such problems.
However, extensive research on intelligent algorithms has led to successful industrial
applications within the engineering domain, where global optimization of nonlinear and
complex objective functions is particularly difficult. Metaheuristic algorithms provide the
simplicity needed to solve complex path planning [1,2], engineering optimization [3,4],
medical diagnosis [5], intelligent control [6], image engineering [7], and network structure
optimization problems [8].

Although many traditional numerical analysis methods have been studied in this
regard, some deterministic methods are still not fit to solve challenging problems in the field
of highly nonlinear search, due to their complexity. The optimization of problems through
the application of deterministic methods, such as Lagrangian or simplex methods, requires
both initial information about the problem and complex computations. Therefore, it is not
always possible or feasible to use such methods, for problems of this level, to explore the
global optimal solution problem, and hence, there remains an urgent need to develop an
effective method to solve increasingly complex optimization problems. In fact, optimization
methods can take various forms and formulations, perhaps without the formal restrictions
they necessitate for core development in stochastic class exploration. Problems dealing with
these forms, such as multi-objective optimization, fuzzy optimization, robust optimization,
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modulo optimization, large-scale optimization, and single-objective optimization, can
therefore be utilized.

In recent years, several population-based optimization algorithms have been applied
as simple and reliable methods to solve problems in computer science and industry. Many
researchers have demonstrated that these population-based approaches are promising for
solving many challenging problems. Some algorithms use methods that mimic natural
evolutionary mechanisms and basic genetic rules such as selection, reproduction, mutation,
and migration [9]. One of the most popular evolutionary methods is the introduced genetic
algorithm (GA) [10]. With their unique three core operations of crossover, mutation, and
selection, genetic algorithms have achieved excellent performance on many optimization
problems. Other popular evolutionary algorithms include differential evolution (DE) [11]
and genetic programming (GP) [12]. Such evolutionary algorithms simulate the way
organisms evolve in nature and are highly adaptable to optimization problems. Moreover,
some methods are developed from the laws of physics, such as the simulated annealing
algorithm (SA) [13], which simulates the annealing mechanism in physical materials science.
Moreover, with its excellent local search capability, SA is used to optimize nonlinear
and linearized problems such as multilayer perceptron (MLP) training for motor speed
regulation, and proportional-integral differential controller design [14]. The Grey Wolf
Optimization (GWO) algorithm [15,16] is a new population intelligence optimization
algorithm widely used in many important fields. It primarily mimics the stratification
pattern and hunting behavior of gray wolf packs, and optimizes through wolf stalking,
encircling, and pouncing behaviors. Compared with traditional optimization algorithms
such as PSO and GA, GWO has the advantages of fewer parameters, simple principles, and
easy implementation. However, GWO also has disadvantages, such as a slow convergence
speed, low solution accuracy, and easily falling into local optimality. One of the latest
mature methods is the gradient-based optimizer (GBO) [17], which considers Newtonian
logic to explore suitable regions and achieve a global solution. This method has been
applied in many fields, including sentiment recognition [18] and parameter evaluation [19].
Most population approaches model the particle swarm optimization (PSO) equation by
changing the heuristic basis of collective social behavior around a population of animals [20].
Particle Swarm Optimization (PSO) is one of the most successful algorithms of this type,
inspired by the individual and collective intelligence of birds when they flock together.
Specifically, PSO has some parameters that need to be adjusted and, unlike other methods,
PSO has a memory machine that retains the knowledge of the better performing particles,
which helps the algorithm to find the optimal solution faster. Currently, PSO has been
engaged with the large-scale optimization problem. In addition, there are many newly
developed improved intelligent optimization algorithms, for example, ref. [21] proposed
an improved GWO to solve the instability and convergence accuracy problems when GWO
is applied to mobile robot path planning as a metaheuristic algorithm with a powerful
optimization search capability. In [22], an improved crawler search algorithm (IRSA),
based on the sine cosine algorithm and Levy flight, was proposed. The improved sine
cosine algorithm has an enhanced global search capability, avoids local minima traps
by a comprehensive search of the solution space, and the Levy flight operator, with a
jump size control factor, improves the exploitation capability of the search agent. A new
metaheuristic optimization algorithm based on ancient warfare strategies was proposed
in [23], introducing a new weight update mechanism and a weak troop migration strategy.
The proposed warfare strategy algorithm achieves a good balance between the exploration
and development phases.

Although the abovementioned optimization methods can solve a variety of challeng-
ing practical engineering optimization problems, according to the No Free Lunch (NFL)
theorem [24], no single optimization method can be the best tool to solve all problems.
The case where some form of structure exists over the set of objective values, rather than
the typical total ordering. It is shown that in such cases, when attention is restricted to
natural measures of performance and optimization algorithms that measure performance
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and optimize based on such structure, the “no free lunch” result holds for any class of
problems with closed structure under permutations [25]. In contrast, the INFO algorithm,
proposed in [26], is a forward-looking algorithm that provides a promising platform for
the future of the optimization literature in computer science through innovative attempts
to target this approach. Our goal is to apply this improved vector-weighted averaging
method to various optimization problems and make it a scalable optimizer.

In [26], a new optimizer (INFO) is designed, that can form a more stable structure by
modifying the weighted averaging and updating the position of the vectors. The update
phase, the combination phase, and the local search are the three core steps of INFO. Unlike
other methods, the mean-based update rule is used in INFO to generate new vectors, which
will speed up the convergence. In the vector combination phase, the two vectors obtained
in the vector update phase are combined to generate a new vector to improve the local
search capability. This operation ensures the diversity of the population to some extent.
Considering the global optimal position and the mean-based rule, the local operation can
effectively improve the vulnerability of the information material to local optima. The focus
introduces the three core procedures mentioned above to optimize various optimization
cases and engineering problems, such as structural and mechanical engineering problems
and water resource systems. The INFO algorithm uses the concept of weighted averages
to move agents toward better positions. The main motivation for INFO is to emphasize
its performance aspects, potentially solving some optimization problems that cannot be
solved by other methods.

In general, evolutionary algorithms can be divided into two types: single-solution-
based and population-based algorithms [27]. In the first case, the search process of the
algorithm starts with a single solution and updates its position during the optimization
process. The best-known single-solution-based algorithms include single-solution-based
simulation algorithms, including simulated annealing (SA) [13]. However, their drawbacks
are the plausibility of high positions captured in the local optimum and the failure of
information exchange, as these methods have only a single trend in the opposite direction.
GA, DE, PSO, Ant Colony Optimization (ACO) [28], Artificial Bee Colony (ABC) [29],
Harris Hawkeye Optimization (HHO) [30], Hunger Games Search (HGS) [31], Rungakuta
Optimizer (RUN) [32], Sticky Fungus Algorithm (SMA) [33], and Whale Optimization
(WOA) [34] are some examples of population-based algorithms. These methods can elim-
inate local optimization because they use a set of solutions in the optimization process.
In addition, information exchange can be shared between solutions, which helps them
to search better in difficult search spaces. However, these algorithms require significant
computational costs for function evaluation and high-dimensional computation during
optimization. Based on the above discussion, population-based algorithms are considered
more reliable and robust optimization methods than single-solution-based algorithms.

In general, the best formulation of the algorithm is investigated by evaluating different
types of benchmark and engineering problems. Typically, the optimizer uses one or more
operators to perform two phases: exploration and exploitation. An optimization algorithm
requires a search mechanism to find promising regions in the search space, which is done
in the exploration phase. The exploitation phase improves the local search capability and
the speed of convergence to promising regions. Balancing these two phases is a challenging
problem for any optimization algorithm. According to previous studies, no precise rules
have been established so far to distinguish the most appropriate transition time from the
exploration to the development phase, or the stochastic nature of this type of optimizer, due
to its unexplored form [35]. Therefore, addressing this problem is crucial for developing and
designing a stable and reliable optimization algorithm. Concerning the main challenges, in
order to create a high-performance optimization algorithm, we focused on vector-weighted
optimization algorithms with efficient optimization performance, which is based on the
principle of vector-weighted averaging. By avoiding nature-inspired thinking, INFO
can provide a promising way to avoid and reduce the challenges of other optimization
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algorithms, thus taking a step forward in having strong optimization capabilities for
practical problems in the field of complex unknown search.

In this paper, we report on our improvements to the INFO algorithm, which provides
the following contributions:

• A two-stage backward learning strategy that initializes candidate solutions, resulting
in improved distribution uniformity and enhanced search capability.

• A DE strategy that perturbs vector individuals to iteratively generate candidate solu-
tions via greedy selection, which eliminates poorly adapted vectors and improves the
local search ability.

• A combined t-distribution and probabilistic strategy that expands the search range
and avoids local optima traps.

To evaluate our algorithm’s performance, 14 sets of test functions are applied, im-
provement metrics are tested separately, and we compare our improved INFO model with
the SSA, GWO, and baseline INFO algorithms.

2. Materials and Methods
2.1. INFO

INFO is a population-based optimizer that applies weighted averaging rules to vectors
in a search space to find the optimal solution after several consecutive generations. The
baseline model has the advantages of strong search optimization and fast convergence [26].
The following subsections describe the phases of the algorithm’s operation.

2.2. Initialization Phase

The INFO algorithm comprises a population of D vectors in an Np-dimensional search
domain. In this step, the algorithm applies two main control parameters: weighted average
δ and proportionality σ. Generally, the scale factor is increased by updating the regular
operator to obtain a vector, which depends on the size of the search domain. σ is used to
calculate the exponential weighted averages of vectors. These parameters do not require
fine-tuning and are dynamically updated during generation.

2.3. Update-Rule Phase

The update-rule operation increases the diversity of the population during the search
using the weighted average of vectors to create new vectors. This phase consists of two
main activities. The first starts with a random initial solution and extracts the weighted
mean of a set of random vectors to move to the next candidate solution. The second activity
accelerates convergence. This process is defined by Equations (1)–(4).

If rand < 0.5,

z1g
l = xg

l + σ×MeanRule + randn×

(
xbs − xg

a1

)
(

f (xbs)− f
(

xg
a1

)
+ 1
) , (1)

2g
l = xbs + σ×MeanRule + randn×

(
xg

a1 − xg
b

)
(

f
(

xg
a1

)
− f

(
xg

a2

)
+ 1
) ; (2)

otherwise,

z1g
l = xg

a + σ×MeanRule + randn×

(
xg

a2 − xg
a3

)
(

f
(

xg
a2

)
− f

(
xg

a3

)
+ 1
) , (3)

z2g
l = xbt + σ×MeanRule + randn×

(
xg

a1 − xg
a2

)
(

f
(

xg
a1

)
− f

(
xg

a2

)
+ 1
) , (4)
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where z1g
l and z2g

l are the new position vectors for the gth iteration, σ represents the scaling
factor of vectors, and α1 6= α2 6= α3 6= 1. σ and α are calculated using Equations (5) and (6),
respectively, where α is a random integer in [1, Np]; randn is a random value in a standard
positive terrestrial distribution.

σ = 2α× rand− α, (5)

α = 2× exp
(
−4× g

Maxg

)
, (6)

MeanRule = r×WM1g
l + (1− r)×WM2g

l , (7)

where r is a random number in [0, 0.5], and l = 1, 2, . . . , Np. WM2g
l is defined as follows:

WM2g
l = δ× w1(xa1 − xa2) + w2(xa1 − xa3) + w3(xa2 − xa3)

w1 + w2 + w3 + ε
+ ε× rand. (8)

For WM1g
l ,l = 1, 2, . . . , Np, and its w1, w2, w3, and ω are expressed as follows:

w1 = cos(( f (xa1)− f (xa2)) + π)× exp
(
−
∣∣∣∣ f (xa1)− f (xa2)

ω

∣∣∣∣), (9)

w2 = cos(( f (xa1)− f (xa3)) + π)× exp
(
−
∣∣∣∣ f (xa1)− f (xa3)

ω

∣∣∣∣), (10)

w3 = cos(( f (xa2)− f (xa3)) + π)× exp
(
−
∣∣∣∣ f (xa2)− f (xa3)

ω

∣∣∣∣), (11)

ω = max( f (xa1), f (xa2), f (xa3)), (12)

M2g
l = δ× w1(xbs − xbt) + w2(xbs − xws) + w3(xbt − xws)

w1 + w2 + w3 + ε
+ ε× rand. (13)

For WM2g
l ,l = 1, 2, . . . , Np, and its w1, w2, w3, and ω are expressed as follows:

w1 = cos(( f (xbs)− f (xbt)) + π)× exp
(
−
∣∣∣∣ f (xbs)− f (xbt)

ω

∣∣∣∣), (14)

w2 = cos(( f (xbs)− f (xws)) + π)× exp
(
−
∣∣∣∣ f (xbs)− f (xws)

ω

∣∣∣∣), (15)

w3 = cos(( f (xbt)− f (xws)) + π)× exp
(
−
∣∣∣∣ f (xbt)− f (xws)

ω

∣∣∣∣), (16)

ω = f (xws), (17)

δ = 2β× rand− β, (18)

α = β = 2exp
(
−4× g

Maxg

)
. (19)

Weighting functions w1, w2, and w3 are used to calculate the weighted averages of the
vectors, and xbs, xbt, and xws are the optimal, suboptimal, and worst solution vectors in the
first g generations of the population, respectively.

Convergence acceleration (CA) is added to the update-rule operator to improve the
global search capability and find the best vector in the search space. With the INFO
algorithm, the best solution is assumed to be the one closest to the global optimum. Hence,
CA moves the vector in that direction. The CA presented in the equation is multiplied by a
random number in the range [0, 1] at each step, and new vectors are computed as follows:

CA = randn× (xbs − xa1)

( f (xbs)− f (xa1) + ε)
, (20)
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zg
l = xg

l + δ×MeanRule + CA. (21)

2.4. Vector-Merging Stage

In this stage, INFO combines vectors z1g
l and z2g

l with rand < 0.5 to generate the new
vector, ug

1 .
If rand1 < 0.5 and rand2 < 0.5,

ug
l = z1g

l + µ
∣∣∣z1g

l − z2g
l

∣∣∣; (22)

otherwise, if rand1 < 0.5 and rand2 ≥ 0.5,

ug
l = z2g

l + µ
∣∣∣z1g

l − z2g
l

∣∣∣. (23)

In either case, when rand1 < 0.5,

ug
l = xg

l , (24)

where ug
l is the new vector formed by combining the first g generational vectors, and

µ = 0.05× randn.

2.5. Local Search Phase

The local search phase aims to avoid local optima and generate a new vector when
rand < 0.5.

xrnd = φ× xavg + (1− φ)× (φ× xbt + (1− φ)× xbs), (25)

xavg =
(xa + xb + x3)

3
, (26)

If rand1 < 0.5 and rand2 < 0.5,

ug
1 = xbs + randn×

(
MeanRule + randn×

(
xg

bs − xg
a1

))
; (27)

otherwise, if rand1 < 0.5 and rand2 ≥ 0.5,

ug
1 = xrnd + randn× (MeanRule + randn× (v1× xbs − v2× xrnd)), (28)

where φ is a random value in [0, 1], xrnd is a new solution made by combining xavg, xbt, and
xbs, and v1 and v2 are two random numbers defined as follows:

v1 =

{
2× rand

1
p > 0.5
p ≤ 0.5

, (29)

v2 =

{
rand

1
p < 0.5
p ≥ 0.5

. (30)

2.6. Improved INFO Algorithm Design
2.6.1. Two-Stage Backward Learning Strategy

Because the baseline INFO algorithm randomly initializes the positions of candidate
solutions using pseudo-random numbers, local extrema traps are possible. Thus, it is
expected that a reverse learning approach to initializing the population, combined with a
greedy search, will improve the model’s global performance.

The reverse point learning model is defined as follows. Let the initial solution,
X(x1, x2, . . . , xd), be located at a point where xi ∈ [ai, bi], i ∈ [1, d]. ai, bi denotes the
lower and upper limits of the ith dimensional coordinate, respectively, taking d as the
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dimension of the search space. The coordinates of the reverse point, X1

(
a
x1,

a
x2, ...,

a
xd

)
, are

then calculated as follows:
a
xi = ai + bi − xi. (31)

The two-stage backward learning strategy is divided into random and basic backward
learning types. The size of the random number in [0, 1] is compared to the switching
probability (0.5) to select the backward learning stage. If P is less than this random number,
basic backward learning is selected:

−−−→
Cnew = lbi + (ubi−

→
C); (32)

otherwise, random reverse learning is applied:

−−−→
Cnew = lbi + R(ubi−

→
C). (33)

R is a random number in (0, 1), lbi and ubi are the upper and lower bounds, respec-

tively,
→
C denotes the position updated by concentration only, and

−−−→
Cnew denotes the new

position obtained after the two learning stages.
Although this process accelerates convergence to a certain extent, there is no guarantee

that the new solution will necessarily be better than the original. Hence, the greedy
algorithm is applied for merit:

→
C =


−−−→
Cnew , f (

−−−→
Cnew) ≤ f (

→
C)

→
C , f (

−−−→
Cnew) > f (

→
C)

. (34)

2.6.2. DE Strategy

To diversify the population, and expand the search range during each iteration, new
child sparks are generated via the differential algorithm to potentially improve the vectors
of the next generation [36,37]. DE performs vector synthesis with individuals to be mutated
by randomly selecting three from the population and scaling their vector differences:{

pg+1
i = xg

d1 + F ·
(

xg
d2 − xg

d3

)
i 6= d1 6= d2 6= d3

, (35)

where xg
di is the gth individual in the dith generation population, F is the scaling factor that

increases the operator with adaptive variation, and

F = F0 · 2τ , (36)

where F0 is the variation operator, which takes a value in [0, 2], which is usually 0.5.

τ = e1− Gm
Gm−G , Gm is the maximum evolutionary generation, and G is the current evolu-

tionary generation. To increase the diversity of new populations, crossover operations are
introduced as follows:

wg+1
i,j =

{
pg+1

i,j , rand(0, 1) ≤ R, or, j = jrand
xg

i,j, other
, (37)

where R ∈ [0, 1] is the crossover probability, jrand is the random number, pg+1
i,j is the

intermediate generated by the first g generation population variation,

{
pg+1

i

∣∣∣pming+1
i,j

max
i,j

i,j

}
,

and xg
i,j is the individual prior to variation. To determine whether wg+1

i can become an



Appl. Sci. 2023, 13, 2336 8 of 26

individual of the first g + 1 generation populations, pg+1
i and pg

i are compared in terms of
fitness, and the optimal value is selected as follows:

pg+1
i =

{
wg+1

i , f
(

wg+1
i

)
≤ f

(
pg

i

)
pg

i , other
. (38)

2.6.3. t-Distribution Strategy with the Number of Iterations as a Parameter

The T(n) distribution (i.e., student distribution) contains parametric degrees of free-
dom, n, which determine its curve shape. The smaller the value, the flatter the curve and
lower the middle [38]. The t− distribution algorithm perturbs the positions of the vectors
to achieve population variation, as follows:

xt
i = xi + xi · t( iter ), (39)

where xt
i is the new position of the ith vector in the population after mutation, xi is the

position of the individual before mutation, and t(iter) is the value of the t-distribution
using the number of iterations as the degrees of freedom.

In the early iterations, the value of iter is small, and the results generated by the
t-distribution are similar to the Coasean variant in economics, which has a strong global
search capability. In later periods, the value of iter grows, becoming more similar to the
Gaussian variant, which has a strong local search capability. Thus, INFO’s algorithmic
accuracy is improved.

2.6.4. Improving the INFO Algorithm with Refined Two-Stage Backward Learning DE and
t-Distribution Strategies

The steps for improving the INFO algorithm based on two-stage backward learning
DE and t-distribution strategies are presented as a flowchart in Figure 1. The stepwise
descriptions are as follows:

Step 1: Initialize the algorithm parameters, including the population size, maximum
number of iterations T, and variable dimensionality.

Step 2: The two-stage backward learning strategy initializes the vector positions and
calculates the fitness of the individuals.

Step 3: Start iterations (t < T).
Step 4: Update the vector positions using the mean-value rule, calculate the average

position of the population, and update the positions.
Step 5: Vector merging and position updating.
Step 6: Local searching and position updating.
Step 7: Calculate the current vector fitness and compare it to obtain the current

optimal individual.
Step 8: Generate probability p and perturb the position of the vector using the DE

strategy if p > 0.5, and vice versa, perturbing the position of the vector according to the
t-distribution strategy.

Step 9: Calculate the vector fitness values after perturbation and compare and update
the positions of the optimal vectors.

Step 10: The individual positions and fitness values of the best vectors are recorded.
Step 11: Repeat Steps 4–10, and when the maximum number of iterations is reached,

the optimal vector position and fitness are output.
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3. Results
3.1. Experimental Design and Test Functions

The performance evaluation in this article is based on an Intel(R) Core(TM) i5-4590
CPU, a 3.30 GHz main frequency, 8 GB of memory, and Windows 10 (64-bit)operating
system. The programming software is MATLAB2022(a). Table 1 lists the 14 benchmark
functions, and Table 2 lists their dimensions, search ranges, and optimal objective function
solutions. The parameter settings for each algorithm are given in Table 3. For a fair
comparison, the population size of all algorithms was set to 30, the maximum number of
iterations was 1000, and each group of experiments was repeated 50 times to determine the
final results [39].

Table 1. Test function equations.

Function Equation

F1 F1(x) =
n

∑
i=1
|xi|+

n

∏
i=1
|xi|

F2 F2(x) =
n

∑
i=1

(
i

∑
j=1

xj

)2

F3 F3(x)= max{xi|1 ≤ i ≤ n }

F4 F4(x) =
n−1

∑
i=1

[
100(xi + 1− xi2)

2
+ (xi− 1)2

]

F5 F5(x) =
n

∑
i=1

([xi + 0.5])2

F6 F6(x) =
n

∑
i=1

ix4
i + random[0, 1]

F7 F7(x) =
n

∑
i=1
− xisin(

√
|xi|)

F8 F8(x) = −20exp(−0.2

√
1
n

n

∑
i=1

xi2)− exp(
1
n

n

∑
i=1

cos(2πxi)) + 20 + e

F9

F9(x) =
π

n

{
10sin(πy1) + ∑

i=1

(
yi− 1)2

[
1 + 10sin2(πyi + 1

)]
+ (yn− 1)2

}
+

n

∑
i=1

u(xi, 10, 100, 4)yi = 1 +
xi + 1

4

u(xi, a, k, m) =

 k(xi− a)m

0
k(−xi− a)m

xi > a
−a < xi < a

xi < −a

F10

F10(x) = 0.1
{

sin2(3πx1
)
+

n

∑
i=1

(
xi− 1)2

[
1 + sin2(3πxi + 1

)]
+
(

xn− 1)2
[
1 + sin2(2πxn

)]}
+

n

∑
i=1

u(xi, 5, 100, 4)

F11 F11(x) =
11

∑
i=1

[
ai−

x1
(
bi2 + bix2

)
bi2 + bix3 + x4

]2

F12 F12(x) = 4x12 − 2.1x14 +
1
3

x16 + x1x2− 4x22 + 4x24

F13 F13(x) = −
7

∑
i=1

[
(x− ai)(x− ai)T + ci

]−1

F14 F14(x) = −
10

∑
i=1

[
(x− ai)(x− ai)T + ci

]−1
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Table 2. Test function information.

Function Dimensionality Scope Theoretical Minimum Value

F1 30 [−10, 10] 0

F2 30 [−100, 100] 0

F3 30 [−100, 100] 0

F4 30 [−30, 30] 0

F5 30 [−100, 100] 0

F6 30 [−1.28, 1.28] 0

F7 30 [−500, 500] −12,569.5

F8 30 [−32, 32] 0

F9 30 [−50, 50] 0

F10 30 [−50, 50] 0

F11 4 [−5, 5] 0.1484

F12 2 [−5, 5] −1

F13 4 [0, 10] −1

F14 4 [0, 10] −1

Table 3. Algorithm parameter setting.

Name of the Algorithm Parameters Max-Fes

GWO A ∈ [2, 0] 30,000

WOA a1 ∈ [2, 0], a2 ∈ [−2,−1], b = 1 30,000

SSA c ∈ [2, 0] 30,000

INFO c = 2, d = 4 30,000

INFO1 c = 2, d = 4 30,000

INFO2 c = 2, d = 4 30,000

IDEINFO c = 2, d = 4 30,000

3.2. Experimental Results
3.2.1. High-Dimensional Single-Objective Test Function

A high-latitude test function is one whose search space dimensionality is relatively
high. To demonstrate the optimization-seeking effects of the improved INFO algorithm
on high-latitude single-objective test functions, six of the 14 single-objective types were
selected for testing. Their convergence curves are shown in Figure 2, and their optimization-
seeking space diagrams are shown in Figure 3. INFO1 represents an improved strategy
that introduces two-stage backward learning and a greedy mechanism in the original INFO
algorithm. INFO2 represents an improved strategy that introduces a differential evolution
algorithm and an adaptive t-distribution in the original INFO algorithm. The results for
INFO1 and INFO2 are illustrated in Figures 4 and 5, respectively.

To verify the efficacy of IDEINFO, ablation experiments based on INFO1 and INFO2
were conducted for comparison. In this test,INFO1 represents an improved strategy that
introduces two-stage backward learning and a greedy mechanism in the original INFO
algorithm.INFO2 represents an improved strategy that introduces a differential evolution
algorithm and an adaptive t-distribution in the original INFO algorithm.
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Figure 4. Results for six selected high-dimensional single-objective test functions: (a) F1, (b) F2, (c) 
F3, (d) F4, (e) F5, and (f) F6. Figure 4. Results for six selected high-dimensional single-objective test functions: (a) F1, (b) F2, (c) F3,

(d) F4, (e) F5, and (f) F6.
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Figure 5. Results for six selected high-dimensional single-objective test functions: (a) F1, (b) F2, (c) F3,
(d) F4, (e) F5, and (f) F6.

3.2.2. High-Dimensional Multi-Objective Test Function

To demonstrate the optimization-seeking effects of the improved INFO algorithm on
high-latitude multi-objective test functions, four more of the 14 test functions were selected
for testing. Their convergence curves are shown in Figure 6, and their optimization-seeking
space diagrams are shown in Figure 7. The results for INFO1 and INFO2 are shown in
Figures 8 and 9, respectively. As above, in this test, INFO1 represents an improved strategy
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that introduces two-stage backward learning and a greedy mechanism in the original
INFO algorithm, and INFO2 represents an improved strategy that introduces a differential
evolution algorithm and an adaptive t-distribution in the original INFO algorithm.
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Figure 9. Results for four selected high-dimensional multi-objective test functions (a) F7, (b) F8,
(c) F9, and (d) F10.

To verify the efficacy of IDEINFO, ablation experiments based on INFO1 and INFO2
were conducted for comparison. INFO1 represents an improved strategy that intro-
duces two-stage backward learning and a greedy mechanism in the original INFO al-
gorithm.INFO2 represents an improved strategy that introduces a differential evolution
algorithm and an adaptive t-distribution in the original INFO algorithm.

3.2.3. Low-Dimensional Test Functions

A low-latitude test function is one whose search space dimensionality is relatively
low. To demonstrate the optimization-seeking effects of the improved INFO algorithm
on low-latitude test functions, the last four of the 14 functions were selected for testing.
Their convergence curves are shown in Figure 10, and their optimization-seeking space
diagrams are presented in Figure 11. As above, INFO1 represents an improved strategy
that introduces two-stage backward learning and a greedy mechanism in the original INFO
algorithm, while INFO2 represents an improved strategy that introduces a differential
evolution algorithm and an adaptive t-distribution in the original INFO algorithm. The
results graphs for INFO1 and INFO2 are illustrated in Figures 12 and 13, respectively.
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To verify the efficacy of IDEINFO, ablation experiments based on INFO1 and INFO2
were conducted for comparison. INFO1 represents an improved strategy that intro-
duces two-stage backward learning and a greedy mechanism in the original INFO al-
gorithm.INFO2 represents an improved strategy that introduces a differential evolution
algorithm and an adaptive t-distribution in the original INFO algorithm.

4. Discussion
4.1. Comparison of Convergence Results

Tables 4–6 present the summary analysis of the results of testing high-latitude single-
target, high-latitude multi-target, and low-latitude benchmark functions. From these tables,
it can be seen that the improved INFO algorithm has the best results, and comparison tests
with INFO1 and INFO2 show that the improved method provides superior accuracy and
robustness. For the high-dimensional test function, the experimental results in Table 4
show that, in general, the difference between IDEINFO and INFO2 is not significant, but
IDEINFO has the highest optimization accuracy among the six compared algorithms,
and the solution accuracy and stability of IDEINFO are significantly better than the five
comparison algorithms. The experimental results in Table 5 show that IDEINFO has
the highest overall. However, among the F9 functions, INFO2 outperforms the other
comparative algorithms.
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Table 4. Experimental results for six high-latitude single-target benchmark test functions.

F Index IDEINFO INFO SSA GWO WOA INFO1 INFO2

F1

Best 0 6.7057 × 10−28 0 2.7058 × 10−36 1.3810 × 10−115 4.2970 × 10−28 0

Mean 0 2.8115 × 10−27 6.4300 × 10−20 1.0693 × 10−34 2.5704 × 10−102 2.8729 × 10−27 0

Std 0 6.8192 × 10−28 7.2766 × 10−19 1.0672−34 2.1129 × 10−101 6.3544 × 10−28 0

F2

Best 0 1.2106 × 10−53 0 6.3897 × 10−21 9569.1641 9.2088 × 10−54 0

Mean 0 7.8038 × 10−52 4.2017 × 10−34 1.4629 × 10−14 20,730.2593 7.6727 × 10−52 0

Std 0 7.0452 × 10−52 5.9418 × 10−33 5.7738 × 10−14 2569.6795 8.3436 × 10−52 0

F3

Best 0 3.4184 × 10−29 0 2.9501 × 10−16 0.00011002 5.7132 × 10−29 0

Mean 0 5.7937 × 10−28 1.1195 × 10−20 1.7655 × 10−14 32.8655 5.2304 × 10−28 0

Std 0 3.4028 × 10−28 1.4256 × 10−19 3.4399 × 10−14 28.2881 2.51 × 10−28 0

F4

Best 4.6904 × 10−15 16.9501 2.2361 × 10−11 25.0954 26.1798 16.5694 3.1549 × 10−14

Mean 1.5759 × 10−8 19.4498 2.5536 × 10−5 26.7773 27.1942 19.4832 1.5887 × 10−8

Std 3.6914 × 10−8 0.7041 6.0245 × 10−5 0.7764 0.5283 0.7499 6.1874 × 10−8

F5

Best 1.2326 × 10−32 2.6038 × 10−20 4.009 × 10−11 1.2798 × 10−5 0.0092902 1.1449 × 10−19 1.5407 × 10−32

Mean 3.2376 × 10−31 2.0788 × 10−13 1.2121 × 10−7 0.6228 0.068798 1.9366 × 10−14 7.0196 × 10−31

Std 5.1236 × 10−31 1.0668 × 10−12 3.522 × 10−7 0.42264 0.078427 6.2517 × 10−14 1.1262 × 10−30

F6

Best 6.2313 × 10−7 5.1252 × 10−5 1.4029 × 10−0 0.00013678 4.3456 × 10−5 6.7265 × 10−0 7.2831 × 10−6

Mean 7.2422 × 10−5 0.00077635 0.00077635 0.00075583 0.0015206 0.00084333 6.5934 × 10−5

Std 5.6658 × 10−5 0.00066449 0.00066449 0.00044961 0.0016606 0.00073516 4.0882 × 10−5

Table 5. Experimental results for four high-latitude multi-objective benchmark test functions.

F Index IDEINFO INFO SSA GWO WOA INFO1 INFO2

F7

Best −11205.917 −11365.255 −12569.485 −7610.723 −12569.482 −10928.05 −12094.216

Mean −10218.713 −8662.457 −9140.772 −5864.470 −11201.082 −9034.592 −10451.007

Std 592.216 731.942 2642.386 717.885 1541.727 641.344 617.033

F8

Best 4.4409 × 10−16 4.4409 × 10−16 4.4409 × 10−16 1.1102 × 10−14 4.4409 × 10−16 4.4409 × 10−16 4.4409 × 10−16

Mean 4.4409 × 10−16 4.4409 × 10−16 4.4409 × 10−16 1.5881 × 10−14 3.6948 × 10−15 4.4409 × 10−16 4.4409 × 10−16

Std 0 0 0 2.8846 × 10−15 2.4875 × 10−15 0 0

F9

Best 1.7077 × 10−32 3.4691 × 10−21 7.7964 × 10−14 0.0062327 0.00062453 4.7647 × 10−21 1.6593 × 10−32

Mean 1.1726 × 10−30 0.0062119 8.5844 × 10−9 0.037611 0.0074199 0.0031101 1.3445 × 10−31

Std 2.7026 × 10−30 0.028725 2.0196 × 10−8 0.020538 0.0087554 0.017729 5.8543 × 10−31

F10

Best 0.043939 1.0754 × 10−18 7.0359 × 10−12 4.5913 × 10−5 0.012006 4.5503 × 10−19 0.043939

Mean 1.2208 0.050698 1.417 × 10−7 0.51788 0.21943 0.057427 1.2345

Std 1.1314 0.07418 3.8101 × 10−7 0.22404 0.15429 0.06979 1.1609

In the low-dimensional test functions, as shown in Table 6, the IDEINFO algorithm
proposed in this paper significantly outperforms the other six algorithms, and the optimal
solution is found for each of the compared algorithms in the optimization experiment for
the F12 function. Therefore, it is verified that the IDEINFO algorithm is highly robust in
solving low- and high-dimensional problems, demonstrating that the IDEINFO algorithm
has some competitive advantage in solving function optimization problems.

4.2. Wilcoxon Rank Sum Test

In the above simulation experiment, the mean and standard deviation alone cannot
fully verify the superiority of the IDEINFO algorithm. To ensure the fairness and validity of
the algorithm, it is necessary to conduct a statistical test. In this paper, we use the Wilcoxon
rank sum test to verify whether the results of each IDEINFO experiment are statistically
significantly different from other algorithms. The rank sum test was performed at the
5% significance level, and at p < 5%, it can be considered as rejecting the H0 hypothesis,
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indicating that there is a significant difference between the two algorithms; for p > 5%,
the H0 hypothesis is accepted, indicating that the two algorithms have the same overall
performance. Table 7 compares the IDEINFO, INFO1, INFO2,INFO, SSA, WOA, and GWO
algorithms for 14 benchmark tests. The Wilcoxon rank sum test on 14 benchmark functions
is presented in Table 7. It indicates the comparable performance between the two, where
“Na” is “not applicable”; i.e., no significant test can be performed. For the results of the
significance tests, “+”, “−”, and “=”, indicate that the performance of IDEINFO is better or
worse than that of the compared algorithm.

Table 6. Experimental results for four low-latitude benchmark test functions.

F Index IDEINFO INFO SSA GWO WOA INFO1 INFO2

F11

Best 0.00030749 0.00030749 0.00030749 0.00030749 0.00030752 0.0030749 0.00030749

Mean 0.0011592 0.00033496 0.00031349 0.0010126 0.00058225 0.0043524 0.0041142

Std 0.0003646 0.0001566 6.6315 × 10−5 0.0037102 0.00040975 0.0014248 0.00032207

F12

Best −1.0316 −1.0316 −1.0316 −1.0316 −1.0316 −1.0316 −1.0316

Mean −1.0316 −1.0316 −1.0316 −1.0316 −1.0316 −1.0316 −1.0316

Std 6.7752 × 10−16 6.7752 × 10−16 3.905 × 10−9 4.2802 × 10−9 1.3367 × 10−10 6.7122 × 10−16 6.7122 × 10−16

F13

Best −10.4029 −10.4029 −10.4029 −10.4029 −10.4027 −10.4029 −10.4029

Mean −10.4029 −8.6849 −10.4029 −10.4028 −8.1503 −8.6849 −9.7031

Std 1.8067 × 10−15 3.1747 1.2781 × 10−5 9.0224 × 10−5 3.1151 3.1747 2.1403

F14

Best −10.5364 −10.5364 −10.5364 −10.5364 −10.5364 −10.5364 −10.5364

Mean −10.5364 −9.8192 −10.5364 −10.5363 −9.4995 −10.0462 −10.313

Std 1.6493 × 10−15 2.1989 1.8401 × 10−5 8.0884 × 10−5 2.3942 1.8886 1.2234

Table 7. Wilcoxon rank sum test results.

F Index INFO SSA GWO WOA INFO1 INFO2

F1
P 6.3864× 10−5 0.00023125 6.3864× 10−5 6.3864× 10−5 6.3864× 10−5 NaN

R + + + + + =

F2
P 6.3864× 10−5 0.00075118 6.3864× 10−5 6.3864× 10−5 6.3864× 10−5 NaN

R + + + + + =

F3
P 6.3864× 10−5 6.3864× 10−5 6.3864× 10−5 6.3864× 10−5 6.3864× 10−5 NaN

R + + + + + =

F4
P 0.00018267 0.00018267 0.00018267 0.00018267 0.00018267 0.73373

R + + + + + -

F5
P 0.00018165 0.00018165 0.00018165 0.00018165 0.00018165 1

R + + + + + -

F6
P 0.00018267 0.001008 0.00018267 0.00018267 0.00018267 0.57075

R + + + + + -

F7
P 0.00018165 0.14047 0.00018267 0.79134 0.00018165 0.47268

R + - + - + -

F8
P 0.00018165 NaN 4.0402 × 10−5 0.00018923 0.00018165 NaN

R + = + + + =

F9
P 0.00018267 0.00018267 0.00018267 0.00018267 0.00018267 0.42736

R + + + + + -
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Table 7. Cont.

F Index INFO SSA GWO WOA INFO1 INFO2

F10
P 0.00018267 0.021134 0.14047 0.00018267 0.00018267 0.8796

R + + - + + -

F11
P 0.00017562 0.00017562 0.00017562 0.00017562 0.00017562 0.010336

R + + + + + +

F12
P 6.3864 × 10−5 6.3864 × 10−5 6.3864 × 10−5 6.3864 × 10−5 6.3864 × 10−5 NaN

R + + + + + =

F13
P 6.3864 × 10−5 6.3864 × 10−5 6.3864 × 10−5 6.3864 × 10−5 6.3864 × 10−5 NaN

R + + + + + =

F14
P 0.00010997 0.00010997 0.00010997 0.00010997 0.00010997 0.58278

R + + + + + -

As shown in Table 7, most of the p-values are less than 5%, and the overall perfor-
mance of IDEINFO is statistically significantly different from the other six algorithms, thus
indicating that IDEINFO has better performance than the other algorithms.

5. Conclusions

This study proposed an improved INFO algorithm that overcomes the shortcomings
of the traditional version. The new version initializes candidate solutions using a two-
stage backward learning strategy, which improves the uniformity of their distribution and
enhances the search capability of the algorithm. The new INFO algorithm is augmented
by combining it with a greedy search algorithm, which results in improved individual
vectors per iteration and an improved search capacity. During the iterative search process,
a DE strategy is applied to perturb the vectors and generate genetically superior candidate
solutions. Furthermore, the search range is expanded probabilistically and combined
with a t-distribution strategy, which helps avoid local optima traps and improves the
global search capability. Using fourteen standard test functions, the improved INFO
outperformed the baseline INFO, SSA, GWO, and WOA models. To further verify the
efficacy of the improvement points, comparisons were made with INFO1, which performs
only two-stage backward learning and a greedy mechanism, and INFO2, which only
performs the combined DE and adaptive t-distribution actions. The ablative results show
that the proposed improved INFO algorithm has better generality, whereas the others
present limitations. In the future, we plan to determine how to balance the time and
optimization capabilities of the new algorithm, improve its stability, and find practical
applications. The convergence rate of IDEINFO proposed in this paper is very impressive
because the position of the vectors always tends to move toward the region where a better
solution is available. In addition, the IDEINFO algorithm can solve practically complex
and challenging optimization problems with constrained and unknown search domains.

For future research, we suggest the following corrections and considerations. More-
over, we suggest enhancing INFO using different types of local search operators in the
original INFO; this may further improve the algorithm’s optimality seeking ability and
its capability to address the challenging nature of complex scenarios. The IDEINFO algo-
rithm proposed in this paper can also be enriched in terms of exploratory and exploitative
trends. For example, using different concepts, such as chaotic mapping, could enrich the
exploratory and exploitative trends of the proposed IDEINFO. The traditional INFO, or
its improved variants, can be applied to applications such as parameter tuning in neural
network models, effect enhancement of model prediction methods, and deep learning.
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