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Abstract

This paper proposes a strengthened RIME algorithm to tackle continuous
optimization problems. RIME is a newly proposed physical-based evolu-
tionary algorithm (EA) inspired by the soft and hard rime growth process
of rime-ice, which has a powerful exploitation ability. But in complex
optimization problems, RIME will easily trap into local optima and the
optimization will become stagnation. Noticing this issue, we introduce
three techniques to the original RIME: (1). Latin hypercube sampling
replaces the random generator as the initialization strategy, (2). Modified
hard rime search strategy, and (3). Embedded distance-based selection
mechanism. We evaluate our proposed SRIME in 10-D, 30-D, 50-D, and
100-D CEC2020 benchmark functions and eight real-world engineering
optimization problems with nine state-of-the-art EAs. Experimental and
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statistical results show that the introduction of three techniques can
significantly accelerate the optimization of the RIME algorithm, and
SRIME is a competitive optimization technique in real-world applica-
tions. Ablation experiments are also provided to analyze our proposed
three techniques independently, and the embedded distance-based selec-
tion contributes most to the improvement of SRIME. The source code of
SRIME can be found in https://github.com/RuiZhong961230/SRIME.

Keywords: Strengthened RIME algorithm (SRIME), Latin hypercube
sampling, modified hard rime exploitation, embedded distance-based
selection, engineering optimization

1 Introduction

As the evolutionary computation (EC) community develops rapidly, hundreds
and thousands of new meta-heuristic algorithms (MAs) have been proposed
to deal with various optimization problems such as constrained problems [1],
multi-objective problems [2], high-dimensional or large-scale problems [3, 4],
combinatorial problems [5], real-world problems [6], and so on. Thanks to the
superior characteristics of MAs in solving complex optimization problems, such
as gradient-free, simple structure, and non-convex handle-able [7], MAs have
become one of the most popular optimization techniques. Here, we list some
representative MAs and classify them into two categories: the evolutionary
algorithm (EA) and the swarm intelligence (SI), which is depicted in Fig. 1.

Meta-heuristic algorithm

[ ]

Evolutionary algorithm Swarm intelligence

l [ I : 1

Bio-inspired H inspired Law-based

| | 4 1 l

Mathematics-based Physics-based Chemistry-based

| | |

Sine cosine algorithm Simulated annealing Material generation
Circle search algorithm. Atom search optimization algorithm
Gradient-based optimizer Equilibrium optimizer Chemical reaction

optimization

Fig. 1 Representative MAs and their classification.

The first category is the EA, which is inspired by Darwin’s theory of evo-
lution and simulates the rule of competition and survival in nature. Genetic
algorithm (GA) [8], as one of the most classic evolutionary algorithms (EAs),
imitates the breeding behaviors of organisms in real-world environments by
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crossover and mutation operators, and the selection operator reflects the pro-
cess of natural selection where the fittest individuals are inclined to survival.
Besides, the EA family also contains other approaches such as differential evo-
lution (DE) [9], genetic programming (GP) [10], and evolutionary strategy
(ES) [11], which have a similar foundation to GA.

Another category is swarm intelligence, which can be divided into three
classes: bio-inspired, human-inspired, and law-based. We can further sep-
arate the law-based category into mathematics-based, physics-based, and
chemistry-based. Among them, bio-inspired algorithms often simulate the
social behaviors of organisms to realize optimization. For example, particle
swarm optimization (PSO) [12] simulates the social behaviors of a bird flock
or fish school, ant colony optimization (ACO) [13] is inspired by the behav-
iors of ants when seeking a path between their colony and a source of food,
grey wolf optimizer (GWO) [14] mimics the leadership hierarchy and hunt-
ing mechanism of grey wolves in nature, and whale optimization algorithm,
and whale optimization algorithm (WOA) [15] simulates the bubble-net hunt-
ing behavior of humpback whales. Human-inspired algorithms are inspired
by human activities and typically contain the culture algorithm (CA) [16],
the human conception optimizer (HCO) [17], the battle royale optimization
(BRO) [18], and the brain-storm optimization (BSO) [19]. Another component
is mathematics/physics/chemistry-law-based MAs, which are designed by the
specific theory or phenomenon in the corresponding discipline and are typified
by the sine cosine algorithm (SCA) [20], the simulated annealing (SA) [21],
and the chemical reaction optimization (CRO) [22].

With the explosive development of EAs, some scholars also expressed their
concerns to the EC community. In the meantime, the No Free Lunch Theorem
(NFLT) [23] logically proved that there is no EA best suited for solving all
optimization problems. In other words, a particular EA may outperform on
a set of problems while showing poor performance on a different set of prob-
lems. Obviously, the existence of the NFLT makes this field of study highly
meaningful.

RIME algorithm [24], as a novel physics-based optimization technique, sim-
ulates the motion of soft rime and hard rime particles in the rime ice and
formulates these phenomena with unique mathematical models to realize the
optimization, and we will introduce the RIME in Section 2 in detail. Mean-
while, the simplicity, efficiency, scalability, and applicability of RIME have
attracted widespread attention from scholars. As one of the latest EAs, we also
notice some shortages of RIME. For example, the unbalanced exploitation and
exploration abilities limit the performance of RIME in complex optimization
problems, and the enhanced greedy selection mechanism survives high-quality
solutions while the diversity of the population is lost. These unsettled issues
challenge the scalability of RIME in multi-modal problems.

The objective of this paper is to introduce some efficient strategies to
improve the performance of RIME in complex optimization problems and
propose a strengthened RIME (SRIME). SRIME inherits the main skeleton



Springer Nature 2021 BTEX template

4 SRIME for engineer optimization problems

of RIME and modifies the strategy in three aspects: (1). Initialization, (2).
hard rime exploitation, and (3). Selection mechanism. In numerical experi-
ments, nine state-of-the-art EAs are employed as competitor algorithms while
CEC2020 benchmark functions and eight engineering problems are adopted
as standard evaluation environments. Besides, we implement ablation exper-
iments to investigate the performance of each strategy that we proposed
separately. More specifically, the main contribution of this paper is as follows:

(1). We propose an SRIME to improve the overall performance of the orig-
inal RIME. In the swarm initialization stage, we replace the random seed
generator with the Latin hypercube sampling, and the benefit of this method
can generate more uniform solutions in the high-dimensional search space.
Given the shortages that we mentioned before, we add uncertainty and ran-
domness to the exploitation phase of RIME and modify the hard rime search
strategy.

(2). The enhanced greedy selection mechanism in the original RIME can
significantly accelerate the convergence speed of optimization, especially in
unimodal problems, but on the contrary, this selection strategy is too greedy
to make the algorithm trap into local optima easily in complex optimization
problems, thus, we introduce an embedded distance-based selection mechanism
to RIME so that even the deteriorating solution has an opportunity to be
accepted, which can enhance the diversity of the population and endow the
capacity to RIME for escaping local optima.

(3). We evaluate our proposed SRIME on the standard CEC2020 bench-
mark functions and eight popular engineering optimization problems with nine
powerful optimization techniques, the experimental and statistical analysis
prove the efficiency and applicability of SRIME sufficiently.

(4). Comprehensive ablation experiments are provided in our experimen-
tal study to investigate the performance of our proposed three improvements
independently.

The remainder of this paper is organized as follows: Section 2 introduced
the RIME. Section 3 provides a detailed introduction to our proposal: SRIME.
Section 4 focuses on numerical experiments and statistical analysis. Section
5 discusses the performance of SRIME and further lists some open topics for
future research. Finally, Section 6 concludes this paper.

2 RIME algorithm

As same as most population-based EAs, population or swarm initialization is
the first step of RIME. Similarly, RIME randomly generates the initial pop-
ulation matrix with uniform distribution. Eq. (1) describes the structure of
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rime population R and the generation of each rime particle z;;.

T11 12 * Tim
21 22 ' T2m
R=|%31 32 -+ T3m
Tnl Tn2 " Tpm

.’Eij =71 - (UB] — LB]) + LB]

5

LBj and UB; are the lower and the upper bound of the jt* dimension and
r1 is a random number in (0, 1). z;; represents the rime particle of the gth

dimension of the i** individual, where i € [1,n] and j € [1,m)].

Fig. 2 1. shows two different forms of rime ice: soft rime ice and hard rime

ice, which is the inspiration of the RIME.
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Fig. 2 The real-world rime ice and corresponding mathematical models [24]. (a). soft rime
ice. (b). mathematical model of soft rime ice. (c¢). hard rime ice. (d). mathematical model of

hard rime ice.

In the breeze environment, soft rime ice grows along the surface of branches
with high randomness, which is described as an exploration operator in RIME

!Pictures are downloaded from https://pixabay.com/ as copyright-free images.
(a).https://pixabay.com/photos/barbed-wire-frost-frozen-cold-ice-1938842/.
(c).https://pixabay.com/photos/thuja-ice- winter-cold-frozen-6015613/
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that enables the algorithm to cover the search space as much as possible in
the early stage of optimization, and Eq. (2) formulates the growth of the soft
rime ice.

R = Ryeqrj +12-cos(8) - B+ (h- (UB; — LB;) + LBy), if rs<E  (2)

Rpest,j is the 4t rime particle of the best rime individual. ry is a random
number in (-1, 1) to control the direction of particle movement cooperating
with the cos(6), S is the self-adaptive environmental factor, h is a random
number in (0, 1) represents the degree of adhesion, r3 is also a random number
in (0, 1), and E (0 < E < 1) is the coefficient to affect the condensation
probability of an agent and increases as the optimization promotes. Eq. (3)
shows the computation of parameter 0, 5, and F.

0 =m t

10 - thhas
p=1- [w-t] Jw (3)
E= t/tmar

where ¢t and ¢,,4, are the current and the maximum number of the iteration
time respectively, w is a constant which is suggested to 5, and [-] denotes the
rounding operator.

In the gale environment, the mechanism of the hard rime ice growth is
simpler and more regular than the growth of soft rime ice, which is expressed
by Eq. (4).

RPN = Ryearj, if ma < f"7(R;) (4)
where r4 is a random value in (-1, 1) and f"°"(R;) is the normalized fitness of
R;. If the condition of Eq. (4) is satisfied, the i*" offspring individual replaces
the value of j*" rime particle by the best rime individual Rpes;.

Additionally, RIME adopts an enhanced greedy selection mechanism, which
compares the parent individual with the corresponding offspring individual
one by one, if the offspring individual has better fitness, it will directly replace
the parent individual and participate in the subsequent optimization process.

3 Our proposal: SRIME

This section introduces our proposed SRIME in detail. We first provide the
overview of SRIME, then, the involved techniques are introduced subsequently.

3.1 The overview of SRIME

Fig. 3 shows the flowchart of SRIME. First, SRIME initializes the popula-
tion with the Latin hypercube sampling technique, and if the optimization
is not terminated, SRIME updates rime individuals with the soft rime and
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modified hard rime search strategy in order, then, the embedded distance-
based selection mechanism selects the offspring to the subsequent generation of
optimization. These processes are repeated until computational resources are
exhausted. Next, we will introduce the Latin hypercube sampling, the mod-
ified hard rime search strategy, and the embedded distance-based selection
mechanism.

Start

l

Population initialization with
Latin hypercube sampling

Parameter initialization

No l
o o g Yes
Opt1m}2at10n End
terminate?

l

Rime individual update with
the soft-rime strategy

l

Rime individual update with the
modified hard-rime strategy

l

Embedded distance-
based selection

Fig. 3 The flowchart of SRIME.

3.2 Latin hypercube sampling

The initial population is critical to the optimization process since a high-
quality population can help the algorithm capture the characteristics of the
fitness landscape while a poor population may lead the direction of optimiza-
tion into the bad search area. The conventional random sampling strategy can
generate an approximately uniform population in the low-dimensional search
space, however, in the high-dimensional search space, this simple scheme can-
not ensure that each interval is represented in the sample or that the sample
points are well-spaced, and clusters or gaps may exist in the sample space,
which will affect the distribution of solutions in the fitness landscape.
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To overcome the shortage of simple random initialization, Latin hypercube
sampling (LHS) was proposed by Michael Stein [25], which is a statistical
method for constructing a near-random sample of parameter values from a
multi-dimensional distribution. Here, we first provide a visual demonstration
of Latin hypercube sampling with four samples and two-dimensional search
space in Fig. 4.

UB,

LB, x UB,

Fig. 4 A visual demonstration of Latin hypercube sampling in two-dimensional search
space, and the sample size is equal to four.

Latin hypercube sampling first divides the search space into equal intervals,
and the interval for every dimension is paired randomly to form the sampling
areas. Then, each sample is generated randomly within the sampling areas in
order. Mathematically, the generated samples can be denoted by Eq. (5) [26]

1 1—1
Ty = —r+
n n

(5)

where 7 is a uniform random number in (0, 1) and ; is the i*" sample for the
it" interval. Compared with random initialization, this technique can be easily
extended to the high-dimensional search space while ensuring that each inter-
val is represented by a sample so that the sample points are more uniformly
distributed at the cheap cost of the computational budget.

3.3 Modified hard rime search strategy

The essence of the hard rime search strategy in the original RIME can be
traced back to the crossover operator of DE [9]. Here, we list the hard rime
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search strategy of RIME and the conventional crossover operator of DE with
a similar format for easy comparison.

Rbest j Zf g < fno?"(Ri)
R = 7 6a
" RIFY, otherwise (6a)
Rﬁ{rl _ RZH, if ra < Cr or j=jrand (6b)
J Rfj, otherwise

Eq. (6a) is the hard rime search strategy of RIME and Eq. (6b) is the crossover
operator of DE. Cr is the crossover rate. Two different components of these
two strategies are the crossover objects and the crossover probability. RIME
blends the current best solution Rp.s; and soft rime generated solution Rf+17
while DE mixes the offspring individual REH generated by mutation oper-
ator with the parent solution R!. The hard rime search strategy in RIME
leverages the current best individual to do the crossover repeatedly, which sig-
nificantly accelerates the convergence of optimization. However, especially in
complex multi-modal problems, the local optima have a strong attraction to
the direction of optimization due to this operator, which is known as the basin
of attraction [27]. Therefore, it is necessary to increase some randomness to
the hard rime search strategy to prevent stagnation when trapping into local
optima. Here, we propose a modified hard rime search strategy in Eq. (7)

Rt+1 _ Rbest,j + anT(Ri) : (er,j - Rrg,j)a Zf rg < fno’r(Ri) (7)

Y R, otherwise

where R,, — R,, are two mutually different rime individuals, and we simply
use the normalized fitness of R; as the scaling factor, and this additional term
is hoped to avoid the optimization premature.

3.4 Embedded distance-based selection

Distance-based selection is inspired by the simulated annealing (SA) [21] and
first proposed in [28] to deal with the optimization in noisy environments. Dif-
ferently from the SA, where the acceptance probability for the deteriorating
solution decreases as the optimization promotes, the distance-based selection
scheme adaptively accepts or rejects the offspring individual through two fac-
tors: fitness value and distance. Given the uncertainty in noisy environments,
the domination between two solutions may change as the intensity of noise
changes dynamically. Thus, the distance-based selection allows the degener-
ated solution to still have a probability of being accepted and surviving. Eq.
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(8) describes the distance-based selection mechanism with the formulation.

BRI af fRTT) < F(RY)
RITT =S R else if rs < e~ Ditt (8)

R, otherwise

where 75 is a random value in (0,1), Af = |f(R:™) — f(R!)], and Dist denotes
the Manhattan distance between R.™' and Rf, which can be calculated by Eq.

(9).
D
Dist(R{™, Rl) = Y |Rif* — Ry, 9)
j=1

Three cases are contained in the distance-based selection. Notice that this
explanation is under the background of the minimization problem in noisy
environments.

Case 1: If the offspring individual has better fitness in noisy environments,
then it will replace the parent and survive.

Case 2: In this case, the fitness of the offspring individual is worse than the
parent, but the condition of r5 < e~ D is satisfied, and the degrade offspring
individual REH is still accepted in this situation.

Case 3: If the degeneration of the offspring individual is unaffordable,
then, the offspring individual will be rejected.

Here, we emphasize Case 2 in the distance-based selection. Fig. 5 shows a
demonstration of the distance-based selection in noisy environments and the
multi-modal functions.

Movepygy,

Movemen

-------- Real fitness landscape Parent individual Parent individual
Observed fitness landscape . AT
(Fitness landscape in noisy environments) ® Offspring individual ® Offspring individual
(a) (b)

Fig. 5 A visual demonstration of the distance-based selection. (a). In noisy environments.
(b). In the multi-modal fitness landscape.
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The original intention of distance-based selection is to endow the anti-
noise ability to the algorithm. As shown in Fig. 5 (a), we can only observe
the fitness of solutions in noisy environments, and the movement from the
parent individual to the offspring individual in Fig. 5 (a) will be rejected by
the conventional greedy selection, however, the offspring individual actually
performs better than the parent individual in the real fitness landscape, and as
the noise changes, the domination between these two solutions will also change.
Thus, the introduction of distance-based selection to noisy environments is a
great success, both in theory and experimental support.

Considering the greed level of the selection mechanism in the original RIME
is too high to limit the performance of RIME in multi-modal problems, we
introduce the distance-based selection to RIME. Fig. 5 (b) shows a demon-
stration in the multi-modal fitness landscape. Due to the existence of basin
attraction [29], the green parent individual is difficult to escape local optimum,
and the deteriorating movement in Fig. 5 (b) will be rejected by enhanced
greedy selection in the original RIME. However, to escape the local opti-
mum and its attraction, this deteriorating movement is worthy to be accepted.
Similarly, the distance-based selection also offers an opportunity for this accep-
tance. Besides, we focus on the threshold e*% in Case 2 that we fix the
A f between two solutions, and if the Manhattan distance between these two
solutions is farther, the value of this threshold e~ D7 and the acceptance rate
of deteriorating movement also become larger, which can help the direction of
optimization escape the local optimum.

The above illustration explains the benefit of distance-based selection in
complex optimization problems adequately, and we embed it into our proposed
SRIME. Fig. 6 shows the difference between RIME and our proposed SRIME
in the offspring individual generation and the update process.

Offspring individual

(@) - Update

Offspring individual

Gene!dte ) Generate
Parent Offspring ‘ Update  Parent -
1nd1v1dua]s mdlvnduals individuals
o) ) Upine

Offspring individual

(@) (®)

Fig. 6 The difference between RIME and SRIME in the offspring individuals generation
and the update process. (a). In the RIME, these two processes are separated strictly. (b). In
the SRIME, the update is embedded after each offspring individual is generated.

In the original RIME, the offspring individual generation and the update
are divided independently, which can be analyzed from the source code
provided in [24]. In our proposed SRIME, the update process is activated
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immediately after a new offspring individual is generated as shown in Fig. 6
(b). Given both the soft rime and the hard rime search strategies in the orig-
inal RIME use the current optimum Rp.s; to generate offspring individuals,
our proposed embedded update strategy can update and utilize the current
optimum Rpes; promptly.

In summary, the pseudocode of SRIME is shown in Algorithm 1.

Algorithm 1 SRIME
Require: Dimension: D, Population size: P.S, Maximum iteration: T,
Ensure: Global optimum: GO

1: Initialize the rime population R = {R?, RY, ..., R% ¢} with Latin hypercube

sampling

2: Get the current best solution GO from R

3:t=0

4: while t < T do

5: Calculate coefficient E by Eq. (3)

6: for : =0 to PS do

7: for j =0to D do

8: Update the it" rime individual R! by Eq. (2) # soft rime

9: Update the i rime individual R! by Eq. (7) # modified hard
rime

10: end for

11: Ensure the individual R! is within search space and evaluate it

12: if Rt has better fitness than R! then # embedded selection

13: Survive REH to the next generation

14: if REH has better fitness than GO then

15: Update GO with R;H # global optimum update

16: end if N

17: else if r5 < e~ Dist is satisfied then

18: Survive Rf“ to the next generation # distance-based selection

19: end if

20: end for

21: t=t+1
22: end while
23: return GO

3.5 Computational complexity analysis

SRIME is a population-based stochastic optimization technique, thus, the
skeleton of SRIME is like most EAs and can be roughly divided into two
stages: initialization and iteration search (i.e. soft rime search and modified
hard rime search). Given the dimension of the problem is D, the population
size is N and the maximum iteration time is 7. First, the computational com-
plexity of population initialization is O(N - D), then, SRIME enters the soft
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rime search, modified hard rime search, and embedded distance-based selection
asynchronously (i.e. Algorithm 1 line 8, 9, and from line 12 to 19). For a sin-
gle individual, the computational complexity of soft rime search and modified
hard rime search is O(D) and O(D). In embedded distance-based selection, as
we analyzed in Eq. (8) three cases are involved: In case 1 when the offspring
individual has better fitness, it will be accepted, and the computational com-
plexity is O(1). In case 2 when the offspring individual has worse fitness but
rs < e~ is satisfied, the offspring individual will be also accepted. In this
case, the Manhattan distance between the offspring individual and the parent
individual is calculated, and the computational complexity is O(D). In case 3,
the above conditions are not satisfied, thus, the parent individual will survive
to the next generation, and the computational complexity is O(1). Besides,
for a single RIME individual, only one selection operator will be activated,
and the computational complexity of embedded distance-based selection is
max{O0(1),0(D),0(1)} = O(D).

In summary, the computational complexity of SRIME is

ON-D+T-(N-(D+D+D))=O(N-D+3-T-N-D))  (10)

4 Numerical experiments

This section introduces the numerical experiments in detail. Section 4.1
introduces the experiment settings: experimental environments, benchmark
functions, and compared methods with their parameters. Section 4.2 shows
the experimental and statistical results.

4.1 Experiment settings
4.1.1 Experimental environments and implementation

All optimization methods are programmed by Python 3.11 and implemented
in Lenovo Legion R9000P, which is equipped with Windows 11, AMD Ryzen
7 5800H with Radeon Graphics 3.20 GHz, and 16GB RAM. All compared
algorithms are provided by the MEALPY library [30], CEC2020 benchmark
functions by OpFuNu library [31], and eight engineering optimization problems
are provided by ENOPPY library [32].

4.1.2 Benchmark functions

We evaluate our proposed SRIME on CEC2020 benchmark functions [33] and
eight engineering optimization problems as same as in [34]. The summary
of CEC2020 benchmark functions and eight engineering optimization prob-
lems are listed in Table 1 and 2 respectively. More detailed formulation and
visualization of engineering optimization problems can be found in [34].
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Table 1 Summary of the CEC2020 benchmark functions: Uni.=Unimodal function,
Multi.=Multimodal function, Hybrid.=Hybrid function, Comp.=Composition function

Fun. Description Feature  Optimum
fi Shifted and Rotated Bent Cigar Function Uni. 100
fo Shifted and Rotated Schwefel’s function 1100
f3 Shifted and Rotated Lunacek bi-Rastrigin function — Multi. 700
fa Expanded Rosenbrock’s plus Griewangk’s function 1900
fs Hybrid function 1 (N = 3) 1700
fe Hybrid function 2 (N = 4) Hybrid. 1600
f7 Hybrid function 3 (N = 5) 2100
fs Composition function 1 (N = 3) 2200
fo Composition function 2 (N = 4) Comp. 2400
fio Composition function 3 (N = 5) 2500

Table 2 Summary of eight engineering optimization problems.

Name Abbr. Dim. # of constraints
Welded Beam Problem WBP 4 7
Speed Reducer Problem SRD 7 11
Cantilever Beam Problem CBD 5 1
I Beam Problem IBD 4 2
Tubular Column Problem TCD 2 6
Piston Lever Problem PLD 4 4
Corrugated Bulkhead Problem CBHD 4 6
Reinforced Concrete Beam Problem RCB 3 2

4.1.3 Compared methods and parameters

We compare our proposed SRIME to two categories of EAs with a total of nine
EAs: (1). Classic EAs including particle swarm optimization (PSO) [12], differ-
ential evolution (DE) [9], covariance matrix adaptation evolutionary strategy
(CMA-ES) [35], and grey wolf optimizer (GWO) [14]. (2). The latest EAs
including artificial ecosystem-based optimization (AEO) [36], zebra optimiza-
tion algorithm (ZOA) [37], war strategy optimization (WSO) [38], energy valley
optimizer (EVO) [39], and the original RIME [24]. The population size of all
algorithms is set to 100, the maximum FEs for CEC2020 functions is 1000 - D
(D=dimension size), and the maximum FEs for engineering problems is 20,000.
To alleviate the randomness in the optimization, each EA is executed with 30
trial runs. The detailed parameter settings of the competitor algorithms are
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listed in Table 3. All parameters are consistent with the suggested settings in
corresponding papers.

Table 3 The parameters of all compared optimization methods

EAs Parameters Value
Inertia factor w 1
PSO (1995) Acceleration coefficients ¢1 and co 2.05
Max. and min. speed 2,-2
Mutation scheme DE/cur-to-rand/1
DE (1996) Scaling factor F 0.8
Crossover rate Cr 0.9
CMA-ES (2001) o 1.3
GWO (2014) Explicit hyperparameter-free
AEO (2020) Explicit hyperparameter-free
ZOA (2022) Explicit hyperparameter-free
WSO (2022) parameter p, 0.5
EVO (2023) Explicit hyperparameter-free
RIME (2023) parameter w 5
SRIME parameter w 5

Given the engineering optimization problem contains constraints and origi-
nal EAs including SRIME cannot deal with constrained optimization problems,
thus, we equip all EAs with the static penalty function [40], which is defined
by Eq. (11)

m
F(R) = f(R) +w- Y (max(0, g:(R,)) (1)
i=1
F(+) is the fitness function, while f(-) and g;(-) are the objective function and
constraint function respectively. w is a constant set to 10e7 by default.

Besides, the ablation experiment on CEC2020 benchmark functions is also
provided to evaluate the contribution of each proposed component. We re-
emphasize our proposed three adjustments in RIME: (1). Latin hypercube
sampling for population initialization. (2). Modified hard rime search strategy.
(3). Embedded distance-based selection mechanism, which combined with the
original RIME independently.
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4.2 Experimental and statistical results

This section shows the experimental and statistical results of optimization, all
EAs in each function are independently implemented 30 times. To determine
the statistical significance between every pair of competitor algorithms, we
first apply the Kruskal-Wallis. If the statistical significance exists, then, the
Mann-Whitney U test is employed to calculate the p-value between every
pair of algorithms. Finally, we use the Holm multiple comparison test [41] to
correct the p-value obtained by the Mann—Whitney U test and identify the
statistical significance level. Symbols +, =, and — are applied to represent
that our proposed SRIME is significantly better, with no significance, and
significantly worse with the compared method. Additionally, the Friedman test
is also conducted to calculate the averaging rank of every algorithm, and the
best value is in bold.

4.2.1 Optimization performance on CEC2020 suite

Table 4, 5, 6, and 7 summarize the experimental and statistical results of
optimization on 10-D, 30-D, 50-D, and 100-D CEC2020 benchmark functions
among ten EAs. Due to the limitation of space, convergence curves of repre-
sentative functions (the unimodal function fi, the multimodal function f3, the
hybrid function f5, and the composition function) fg are provided in Fig. 7.

Fig. 7 The convergence curve of 10-D, 30-D, 50-D, and 100-D f1, f2, f5, and f9 in CEC2020
benchmark functions.
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4.2.2 Optimization performance on engineering problems

Table 8 summarizes the experimental and statistical results on eight engi-
neering optimization problems among ten EAs, and Fig. 8 visualizes the
convergence curves.

4.2.3 Ablation experiment on CEC2020 benchmark functions

Table 9, 10, 11, and 12 summarize ablation experiments on 10-D, 30-D,
50-D, and 100-D CEC2020 benchmark functions. Here, we first define the
abbreviation of compared algorithms. RIMEs: The original RIME combines
with Latin hypercube sampling, RIME,,s: The original RIME combines with
the modified hard rime search strategy, and RIME.4s: The original RIME
combines with the embedded distance-based selection mechanism.

5 Discussion

In this section, we analyze the efficiency of our proposed SRIME based on
the performance in the CEC2020 suite and eight engineering optimization
problems, and some open topics are provided to further improve the SRIME
in future works.

5.1 Performance analysis based on CEC2020 suite

Since benchmark functions in the CEC2020 suite have various characteristics
such as shifted, rotated, unimodal, multi-modal, and composite, thus, it can
fully evaluate the overall performance of our proposed SRIME. In the unimodal
function (i.e. f1), SRIME inherits the superior exploitation ability of RIME
and outperforms PSO, DE, CMA-ES, GWO, AEO, ZOA, WSO, EVO, and
the original RIME in f; with distinct dimensions. As the dimension of the
problem increases, the superiority of SRIME is amplified, and the domination
between SRIME and other competitor algorithms is not changed, which can
be observed from statistical analysis in Table 4, 5, 6, and 7. The curves of
optimization in Fig. 7 also confirm the excellent convergence speed of SRIME.
Therefore, we can conclude that SRIME has a strong exploitation ability.

f2 to fig in CEC2020 benchmark functions are multi-modal, hybrid, and
composite functions, these functions have multiple optima and complex fitness
landscapes so that they are allowed to evaluate the exploration ability and the
capacity of escaping from local optima. Experimental and statistical results in
Table 4, 5, 6, and 7 show that our proposed SRIME has better performance on
most of instances, and we can infer that the RIME structure-based optimiza-
tion technique (i.e. RIME and SRIME) is competitive to the state-of-the-art
EAs. Besides, the introduction of our proposed three improvements can at least
approximately equal to or significantly accelerate the convergence of RIME
in most cases. As the dimension of the problem increases, the superiority of
SRIME is enhanced, which can be observed from the performance indicator
of average rank. Consequently, we conclude that the incorporation of RIME
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and our proposed three strategies is suitable to deal with these optimization
problems.
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Table 9 Ablation experiments on 10-D CEC2020 benchmark functions.

Func. RIME RIME;), s RIME,,, s RIME, g5 SRIME
f mean 3.86e+05 +  6.08¢e+05 +  6.31e+05 +  9.29e+04 ~ 6.93e+04
1
std 4.57e+05 8.42e+05 9.81e+05 1.39e+05 1.17e+05
f mean 2.72e4+07 +  2.90e+07 +  3.97e407 + 1.28¢+07 + 6.25e4-06
2 std 2.44e+07 2.89e+07 4.93e+07 2.40e+07 1.01e+07
P mean 1.18e+07 + 1.53e+07 + 1.43e+07 +  6.22e+06 + 3.13e-+06
3 std 1.23e+07 2.00e+07 1.54e+07 7.97e+06 3.53e+4-06
f mean 1.90e+-03 ~ 1.90e+-03 ~ 1.90e+-03 ~ 1.90e+03 ~ 1.90e+03
4
std 9.00e-01 5.89¢-01 5.71e-01 7.13e-01 6.29e-01
7 mean 1.19e+04 ~ 1.37e+04 =~ 1.42e+04 ~ 1.58e+04 ~ 1.22e+04
° std 7.46e+03 7.73e+03 8.44e+03 8.71e+03 8.46e+-03
P mean 3.27e+03 ~ 2.72e+03 ~ 2.86e+03 ~ 2.72e+03 ~ 2.25e+03
0 std 2.52e+03 1.91e+03 2.11e+03 1.58e+03 1.42e+03
7 mean 1.83e+04 ~ 2.0le+04 =~ 2.10e+04 ~ 2.28e+04 ~ 2.13e+04
7 std 1.04e+-04 1.48e+04 1.28e+04 1.31e+04 1.61e+04
f mean 2.30e+03 + 2.30e+03 + 2.30e+03 + 2.30e+03 + 2.30e+03
8 std 2.15e+00 1.66e+-00 2.46e+00 1.68e+-00 1.43e+00
f mean 2.63e+03 + 2.63e+03 + 2.62e+03 + 2.61e+03 + 2.59e+03
? std 4.07e+01 4.77e+01 2.85e+01 5.35e+01 3.38e+01
f mean 2.99¢e+03 =~  3.00e+03 ~ 2.99e+03 ~ 3.00e+03 ~  2.99e+03
10 std 215e+01  2.72e+01 1156401 2.48¢+01  1.99e-+01
+/~/— summary: 5/5/0 5/5/0 5/5/0 4/6/0
Ave. rank 3.3 3.5 3.6 3.0 1.6

However, the significant deterioration situations between RIME and
SRIME happen on 50-D and 100-D f1o, and we reasonably infer that our pro-
posed three techniques are not proper for this specific task. In this case, the
NFLT can be applied to explain this degeneration. NFLT states that every pair
of optimization algorithms has identical average performance on all possible
problems, and if an algorithm performs better on a certain category problem,
it must deteriorate on the rest of the problems, since it is the only way to
achieve the same average performance. Thus, the inferiority of SRIME in 50-D
and 100-D fyq is acceptable.

5.2 Performance analysis based on engineering problems

In real-world applications, another characteristic of the optimization algorithm
that we are concerned about is stability. If an algorithm has an outstanding
average value of trial runs but the standard deviation is also large, it cannot be
regarded as a successful approach in real-world scenarios, since the real-world
optimization problem is usually computationally expensive, and multiple trial
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Table 10 Ablation experiments on 30-D CEC2020 benchmark functions.

Func. RIME RIME;; 6 RIME, s RIME, 45 SRIME
f mean 2.56e4+07 + 2.52e+07 +  2.54e+07 + 2.46e+4-06 ~ 1.70e+06
! std 1.06e+4-07 8.72e+06 1.12e+07 1.90e+-06 1.55e4-06
f mean 2.88¢+09 + 2.65e4+09 + 2.75e+09 +  2.62e+08 ~  1.84e+08
? std 1.16e+4-09 1.21e+09 1.12e+-09 2.95e+08 2.12e+08
f mean 8.73e+08 + 9.36e+08 + 1.00e+09 + 7.85e+07 =~ 9.07e+07
s std 4.15e+08 5.00e+08 4.47e+08 6.70e+07 1.24e+08
f mean 1.92e+03 + 1.92e+03 +  1.92e+03 + 1.92e+03 + 1.91e+03
4
std 3.54e+4-00 4.67e+00 4.76e+00 4.74e+00 2.57e+-00
f mean 9.33e+05 ~ T7.1le+05 ~ 1.02e+06 ~ 7.61e405 ~ 6.37e+05
° std 6.25e+4-05 4.44e+05 6.42e+05 4.35e+05 3.56e+05
f mean 4.87e+04 ~ 5.80e+04 + 3.87e+04 ~ 4.52e+04 ~  3.82e+04
o std 1.91e+04 2.48e+04 1.99e+04 2.32e+04 2.25e+04
f mean 1.40e+06 ~ 1.50e+06 ~ 1.24e+06 ~ 1.26e+06 =~ 1.07e+06
’ std 6.66e+-05 8.47e+05 7.63e+05 6.78e+4-05 7.06e+-05
1 mean 2.40e+03 +  2.40e+03 + 2.40e+03 +  2.39e+03 =~  2.38e+03
8
std 1.39e+4-01 1.06e+4-01 1.24e+401 8.83e+-00 8.46e+-00
f mean 2.97e4+03 + 2.98e+03 + 2.98e+03 + 2.70e+03 ~ 2.70e+03
9
std 8.47e+01 9.23e+01 9.62e+01 9.31e+01 7.07e+01
¥ mean 2.95e4+03 + 2.94e+03 + 2.96e+03 + 2.93e+03 ~ 2.93e+03
10
std 2.85e+01 2.17e+01 3.54e+01 1.07e+01 1.51e+01
+/~/— summary: 7/3/0 8/2/0 7/3/0 1/9/0
Ave. rank 4.0 3.8 3.9 2.2 1.1

runs may not be afforded due to the limitation of computational resources.
Table 8 shows the results of eight engineering optimization problems includ-
ing mean, std, best, worst, and statistical tests, which can fully reflect the
performance of our proposed SRIME and compared algorithm. From these
results, we summarize that our proposed SRIME is competitive with competi-
tor algorithms, and the optimization results in the Speed Reducer Problem
(SRD), Tubular Column Problem (TCD), Piston Lever Problem (PLD), and
Reinforced Concrete Beam Problem (RCB) reveal the excellent global search
capacity and stability of SRIME. Additionally, the metric of average rank
reveals the competitiveness of SRIME with state-of-the-art EAs such as CMA-
ES. However, the inferiority of SRIME can be observed in some specific tasks
such as in the Welded Beam Problem (WBP) and Cantilever Beam Prob-
lem (CBD) compared with CMA-ES. Similarly, the NFLT can also be used to
explain this degeneration reasonably.
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Table 11 Ablation experiments on 50-D CEC2020 benchmark functions.

Func. RIME RIMEj,,  RIME,;,  RIME.4  SRIME
f mean 2.22e+08 + 2.02e+08 + 2.12e+08 + 1.76e+07 ~ 1.28e+07
! std 6.35e+07 5.67e+07 7.42e+07 1.64e+07 8.72e+06
f mean 2.63e+10 + 2.63e+10 + 2.50e+10 + 2.17e+09 + 1.10e+09
2 std 8.67e+09 8.48e+09 7.95e+09 1.13e+-09 5.87e+08
f mean 8.56e+-09 + 8.76e4+09 + 7.37e+09 + 5.71e+08 + 3.69e+4-08
3 std 2.52e+09 2.32e+09 2.46e+09 3.62e+08 2.32e+08
f mean 1.95e+03 + 1.96e+-03 + 1.96e+-03 + 1.94e+-03 + 1.93e+03
4
std 1.10e+-01 1.21e+401 1.16e+01 8.01e+00 8.32e+00
7 mean 6.89e+06 + 7.09e+06 + 6.45e+06 =~ 4.98e+06 =~ 4.93e+06
° std 2.84e+06 2.88e+06 3.09e+06 1.95e+-06 2.44e+06
P mean 4.49e+05 + 3.87e+05 + 4.09e+05 + 6.93e+04 ~ 7.91e+04
o std 4.49e+-05 3.69e+05 3.98e+05 2.76e+04 5.97e+04
7 mean 8.38e+06 =~ 9.62e+06 + 9.54e+06 + 8.46e+06 =~ 6.14e+06
’ std 4.46e4-06 4.32e4-06 3.87e+06 4.02e+-06 2.69e+06
1 mean 2.52e+03 — 2.52e403 — 2.71e+03 + 2.62e+03 ~ 2.63e+03
8 std 2.33e+01 2.61e+01 1.01e+03 7.77e+02 8.87e+02
1 mean 3.85e+03 + 3.83e+03 + 3.81e+03 + 2.96e+03 ~ 2.96e+03
? std 2.26e+02 1.93e+02 2.34e+02 1.91e+02 2.41e+02
7 mean 3.71e+03 + 3.56e+03 + 3.70e+03 + 3.46e+03 + 3.41e+4-03
10 std 1.85¢+02 1.420+02 1.87e+02  9.75¢+01  1.00e+02
+/~/— summary: 8/1/1 9/0/1 9/1/0 4/6/0
Ave. rank 4.0 3.8 3.7 2.0 1.5

5.3 Performance analysis based on ablation experiments

The ablation experiments are implemented to evaluate our proposed three
strategies independently. From the experimental and statistical results in Table
9, 10, 11, and 12, the combination of three strategies can accelerate the con-
vergence of optimization in most cases. Based on the summarized statistical
results, the embedded distance-based selection plays the most important role
in contributing to the improvement.

5.4 Open topics for future research

The above experiments and analysis reveal the efficiency and scalability of our
proposed SRIME. However, there are still some improvements that can work
on SRIME. Here, we list some open topics for future research.

Hybridize with advanced search techniques: One topic to further
develop SRIME is to hybridize it with advanced EAs, and many works on
hybridizing EA techniques have been reported: Gao et al. [42] hybridized the
grey wolf optimization (GWO) and slime mould algorithm (SMA) to deal
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Table 12 Ablation experiments on 100-D CEC2020 benchmark functions.

Func. RIME RIME;), s RIME,,, 15 RIME, 455 SRIME
f mean 3.19e+09 +  2.97e+09 + 3.00e+09 +  1.85e+08 ~  1.48e+08
! std 6.62e+08 6.92e+08 9.12e+08 9.44e+07 7.70e4-07
f mean 2.96e+11 +  2.97e+11 + 2.80e+11 +  2.08¢+10 +  1.32e+10
2 std 6.43e+10 5.92e+10 6.21e+10 8.75e+09 7.51e+09
p mean 1.08¢+11 +  1.06e+11 + 1.10e+11 +  8.41e+09 +  5.66e+09
3 std 2.26e+10 1.92e+10 2.58e+10 4.21e+09 3.17e+09
f mean 2.15e4+03 +  2.16e+03 + 2.18e+03 + 2.06e+03 ~  2.08e+03
4
std 8.49e+-01 9.47e+01 1.21e+02 2.59e+01 4.84e+01
7 mean 6.28e+07 + 7.00e+07 +  7.58e+07 + 3.86e+07 =~ 3.37e+07
° std 2.08e+07 2.32e+07 2.40e+07 8.23e+06 9.38e+-06
P mean 4.35e+05 =~ 6.24e+05 =~ 7.27e+05 ~ 2.33e+05 =~ 3.42e+05
0 std 2.83e+05 7.00e+05 7.98e+05 8.90e+04 2.66e+05
7 mean 5.42e+07 + 5.96e+07 +  5.56e+07 + 2.39e+07 ~ 2.32e+407
7 std 2.02e+07 2.43e+07 2.14e+07 1.09e+07 7.00e+06
f mean 2.70e4+03 — 3.28¢+03 + 4.37e+03 +  3.23e+03 ~ 3.26e+-03
8 std 5.94e+01 3.19e+03 5.02e+03 2.50e+03 2.69e+03
f mean 1.34e+04 + 1.31le+04 + 1.26e4+04 +  5.02e4+03 +  4.65e4-03
? std 1.17¢+03 1.53e+03 1.36e+03 6.17e+02 6.25e+-02
f mean 4.14e+03 +  4.10e4+03 + 4.14e+03 +  3.68e+03 +  3.55e+03
10 std 1.65e+02 1790402 1.98e+02 1.04e402  6.87e+01
+/~/— summary: 8/1/1 9/1/0 9/1/0 4/6/0
Ave. rank 3.5 3.9 4.4 1.8 1.4

with numerical simulation optimization problems. Singh et al. [43] proposed a
hybrid slime mould algorithm (SMA) and naked mole-rat algorithm (NMRA)
to solve the above-said problem of the wireless sensor network. Fadheel et
al. [44] proposed a hybrid sparrow search algorithm with grey wolf optimizer
(SSAGWO) for frequency control of the RE integrated system. Xie et al. [45]
proposed a hybrid Henry gas solubility optimization algorithm based on the
Harris hawk optimization (HHO-HGSO) to deal with real engineering design
problems. Thus, it is promising to hybridize our proposed RIME with some
state-of-the-art algorithms.

Extend to various optimization tasks: SRIME is an efficient and
powerful optimization technique that has been fully proven by our numeri-
cal experiments in practice, thus, it is necessary to extend SRIME to other
problems such as large-scale global optimization, multi- and many-objective
optimization, traveling salesman problems, feature selection tasks, neural
architecture search tasks, real-world applications [46], and so on.
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6 Conclusion

This paper focuses on improving the overall optimization performance of RIME
and proposes a strengthened RIME (SRIME). Three search strategies are intro-
duced to the original RIME algorithm: (1). Latin hypercube initialization, (2).
Modified hard rime search scheme, and (3). Embedded distance-based selection
mechanism. To evaluate the performance of our proposed SRIME, we test it in
CEC2020 benchmark functions and eight engineering optimization problems,
the experimental and statistical results reveal the efficiency and effectiveness
of our proposed SRIME. Ablation experiments are also provided to analyze
the performance of each component in our proposed three strategies.

At the end of this paper, we list some open topics for future research. In
the future, we will focus on further improving the performance of SRIME and
extending it to other optimization tasks.
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