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Abstract—This paper presents a new version of the Coral Reefs
Optimization (CRO) algorithm to improve its performance in
large scale global optimization problems. Specifically, we propose
to extend the original CRO with different substrate layers, where
several exploration operators are defined. This definition allows
establishing a competitive co-evolution process within the CRO,
which improves the search for optimal solution in large scale
optimization problems. The new CRO with substrate layers
(CRO-SL) is used in combination with a local search, and the
final memetic algorithm obtained has been tested by using a test
suite for large scale continuous optimization, showing a robust
behavior.

I. INTRODUCTION

In the last years, huge research efforts have been conducted

towards solving hard optimization problems that frequently

arise in engineering applications. These problems are often

characterized by search spaces of nonlinear objective functions

with additional requirements, like constraints or a extremely

high dimensionality problems. Optimization of problems with

a high dimensionality is called Large Scale Global Optimiza-

tion, LSGO, and it requires a very efficient search, due to the

huge increasing of the domain search when the dimensionality

increases. In such cases, modern meta-heuristics are excellent

options to come up with good solutions within a reasonable

computation time.

One important current trend in meta-heuristics design con-

sists of constructing novel hybrid searching mechanisms.

These hybrid approaches are based on the mixture of existing

meta-heuristic capabilities. Usually, pairs of algorithms are

used to form the hybrid approach, such as in [1] where

Differential Evolution is mixed with Harmony Search, or in [2]

where Differential Evolution and a Simulated Annealing ap-

proach are jointly applied to a problem of dynamic economic

emissions dispatch. In [3] and [4] Particle Swarm Optimization

hybrids with Harmony Search have been described, and their

performance analyzed in different optimization problems. In

[6] and [5], hybrid evolutionary approaches with harmony

search and Particle Swarm Optimization have been described.

In [7] a hybrid Genetic Algorithm with Simulated Annealing

has been proposed for a specific application of optimal location

and rating of distributed energy storage in low voltage smart

networks. In a similar context, in [8] a hybrid Harmony Search

– Genetic Algorithm is proposed for a problem of finding the

optimal operation performance of autonomous micro-grids.

As can be seen in these examples, the idea is to com-

bine different algorithms, with alternative searching capabil-

ities and exploitation procedures, for obtaining new hybrid

meta-heuristics which are more powerful than each of the

forming algorithms on its own. In this paper we propose

a generalization of this idea, based on a modification of a

recently proposed evolutionary-type algorithm called Coral

Reefs Optimization (CRO) algorithm [9]. The CRO is a meta-

heuristic based on simulating the processes that occur in a

coral reef, including corals reproduction, fight for the space

and larvae setting. Several studies have shown that depending

on the type of substrates that form the reef, larvae corals are

more or less likely to grow and develop [10]. In this paper

we introduce these substrate layers in the CRO simulated

reef, in order to obtain a general algorithm, which is able

to perform co-evolution of different algorithms in just one

population. Specifically, each substrate defined in the CRO

represents now a different exploration operator (differential

evolution search, two-points crossover, harmony search oper-

ators, Gaussian mutation, etc.). The larvae formed with these

different operators in each substrate go through the entire

normal process of the CRO, and fight for the space in the reef.

This way, we obtain an algorithm which mixes very different

exploration operators within the evolution rules of the CRO,

which promotes competitive co-evolution of larvae.

In order to tackle LSGO problems, the proposed CRO

with substrate layers (CRO-SL) has been hybridized with a

local search method, LS, specially designed for that type of

problems, MTS-LS1 [11]. After a certain number of iteration,

the best larva obtained by each substrate is improved with the

LS method. Because the larvae obtained in each substrate have

been developed using a different operation, they have relevant

differences that could produce different attraction bases. Also,

a reef restarting mechanism has been added to control the

diversity collapse in the reef after including the LS.

The performance of the proposed hybrid using CRO-SL

and the LS method has been tested by using the LSGO
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test suite proposed in [12], that allows the different authors

compare their results within a common benchmark framework.

In comparison with the reference algorithm DECC-CG [13],

the results obtained by our proposal present interesting im-

provements, mainly in the hardest functions considered.

The structure of the remainder of the paper is as follows:

next section presents the main characteristics of the original

CRO, including the different operators and the algorithm’s

dynamics. Section III-A describes the proposed CRO-SL ver-

sion, including what we understand for substrate layer, and,

in this case, how it represents the co-evolution of different

searching mechanism with the rules of the CRO. In this

section we also describe the hybridization with a local search

procedure, that we have included in the algorithm in order

to enhance its performance in LSGO. Section IV presents

the experimental section of the paper, where the proposed

algorithm’s performance is evaluated and compared with a

reference algorithm. Section V closes the paper by giving some

final conclusions and remarks on this research.

II. THE CORAL REEFS OPTIMIZATION ALGORITHM

The CRO is a class of evolutionary algorithm for optimiza-

tion, recently proposed in [9]. It is based on simulating the

corals’ reproduction and coral reefs’ formation processes. The

CRO has been successfully applied to a number of different

applications and optimization problems [14]-[19]. Basically,

the CRO is a meta-heuristic based on a population of solutions

(the reef), which evolve following certain operators inspired

in corals’ reproduction, such as a modeling of corals’ sexual

reproduction (broadcast spawning and brooding). After the

reproduction stage, the set of formed larvae (namely, newly

produced solutions to the problem) attempts to find a place on

the reef to develop and further reproduce. This deployment

may occur in a free space inside the reef (hole), or in

an occupied location, by fighting against the coral currently

settled in that place. If larvae are not successful in locating a

place to settle after a number of attempts, they are considered

as preyed by animals in the reef. Figure 1 shows a pseudo-

code of the original CRO algorithm, the interested reader can

consult [9] for further details on the basic CRO.

Because of its structure and dynamics, the CRO adopts

concepts from Evolutionary Algorithms and Simulated An-

nealing, but with new variants. The exploration phase of

the algorithm is carried out by operators that simulate the

reproductive processes of corals. Note that the CRO is defined

over an exploitation procedure (the larvae setting), and the

type of exploration procedures, i.e. specific mechanism for

reproduction (broadcast spawning or brooding) is open. This

characteristic opens the possibility of using different types of

exploration mechanisms within the CRO, which is the main

objective of this paper.

III. PROPOSAL: CRO WITH SUBSTRATE LAYERS WITH

LOCAL SEARCH

In this section we present our proposal to extend the CRO

and make it stronger for LSGO problems. For this, we combine
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Fig. 1. Original CRO pseudo-code.

two components: First, a new CRO algorithm, CRO with

substrate layer, that use different procedures to generate the

new solutions, increasing the diversity during the search. Then,

the best larva obtained in each substrate is improved with a

LS method. Finally, a restart mechanism is used.

A. CRO with substrate layers (CRO-SL)

The original CRO algorithm is based on the main pro-

cesses of coral reproduction and reef formation that occur

in nature. However, there are many more interactions in real

reef ecosystem that can be also modelled and incorporated

to the CRO approach to improve it. For example, different

studies have shown that successful recruitment in coral reefs

(i.e., successful settlement and subsequent survival of larvae)

depends on the type of substrate on which they fall after the

reproduction process [10]. This specific characteristic of the

coral reefs was first included in the CRO in [20], in order to

solve different instances of the Model Type Selection Problem

for energy applications. In [20], different substrate layers were

defined in the CRO, in such a way that each layer represents

a different model to evaluate the energy demand estimation

in Spain, from macro-economic variables. The CRO with

substrates is, however, a much more general approach: it can

be defined as an algorithm for competitive co-evolution, where

each substrate layer represents different processes (different

models, operators, parameters, constraints, repairing functions,

etc.).

The inclusion of substrate layers in the CRO can be done,

in a general way, in a straightforward manner: we redefine the

artificial reef considered in the CRO in such a way that each

cell of the square grid Ψ representing the reef is now defined

by 3 indexes (i, j, t), where i and j stand for the cell location

in the grid, and index t ∈ T defines the substrate layer, by

indicating which structure (model, operator, parameter, etc.)
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is associated with the cell (i, j). Each coral in the reef is

then processed in a different way depending on the specific

substrate layer in which it falls after the reproduction process.

Note that this modification of the basic algorithm does not

imply any change in the corals’ encoding.

In this paper, we specify the CRO with Substrate Layers

(CRO-SL hereafter), for improving the performance of the

basic CRO approach in LSGO. For this, we assign each

substrate layer to a different implementation of an exploration

procedure. Thus, each coral will be processed in a different

way in the reproduction step of the algorithm. Figure 2 shows

an example of the CRO-SL, with four different substrate layer.

Each one is assigned to a different exploration process, Har-

mony Search based, Differential Evolution, 1-point crossover

or Gaussian mutation. Of course this is only an example and

any other distribution of search procedures can be defined in

the algorithm. In the specific CRO-SL tested in this paper,

each substrate layer only affect to the calculation of the larvae

coming from the broadcast spawning process, whereas we have

considered the same brooding procedure for all the corals in

the reef.

HS DE 1-Point

Crossover

(a)

(b)

Gaussian

mutation

Fig. 2. Example of CRO-SL and comparison with the original reef in the
CRO; (a) Reef considered in the original CRO; (b) Reef in the CRO-SL,
where four substrate layers associated with the broadcast spawning process
have been considered.

There are some important remarks that can be done regard-

ing the CRO-SL proposed. First of all, note that the original

CRO is a meta-heuristic based on exploitation of solutions,

and leave the specific exploration open (in the same manner

as, for example, Simulated Annealing [21]). This way, the

CRO-SL can be seen as a generalization of the original CRO,

that does not modify the dynamics of the algorithm. The

only difference is the specific implementation of the broadcast

spawning procedure, which now depends on which layer falls

each larva after the reproduction process. Second, as has

been previously mentioned, the CRO-SL can be seen as a

competitive co-evolution procedure. The CRO-SL is a general

procedure to co-evolve different models, operators, parameter

values, etc., with the only requisite that there is only one health

function defined in the algorithm. Since the CRO is based on

a procedure of larvae settlement which involves competition

among corals, the substrate layer of the CRO-LS promotes this

co-evolution process between corals, without the necessity of

defining different populations. In this sense, we say that the

CRO-LS makes competitive co-evolution of different models

in just one population.

B. Hybridization proposed

Large scale optimization problems require the application of

very efficient algorithms. Thus we have complement our co-

evolution CRO-SL algorithm with a Local Search method. The

designed hybrid model has been designed to obtain a synergy

between the two components: the CRO-SL and the LS method.

Once each substrate model has created the larvae by applying

different exploration strategies, the algorithm stores for each

substrate the solution with the best improvement. Then, every

FreqLS iterations, an LS method is applied to each one of

these stored solutions, improving the just one solution coming

from each substrate. The LS used is the MTS-LS1 [11], well-

known for being a specific LS for LSGO. This method applies

a mutation dimension by dimension, increasing or decreasing

a certain value, Istep which is adapted during the search (this

value is basically decreased after several iterations without

improvement in the new solution).

This improvement phase is applied between the reproduction
phase and the larvae settlement phase of the CRO-SL. Note

that, since the improving phase is not carried out every

iteration, the solutions to improve could not come from the last

iteration. In this case, the original larva to be improved could

be into the population (it should be replaced in the population)

or not, (in that case the final solution competes against the

current worst individual of the population).

It is also remarkable that the LS is applied in the same

iteration for each substrate. The underline idea is to take

advantage of the fact that each substrate generates new larvae

by using a different strategy. This way we can apply the LS to

different solutions, with the idea that distant starting solutions

could give to different basins of attraction. However, since not

all solutions could be equally promising, the LS method is only

applied when the considered solution has a fitness value better

than the current worst coral of the population.

C. Reef restarting mechanism

Sometimes, when an LS method is incorporated to an

evolutionary algorithm, the diversity of the population may

suffer a quick reduction during the search, increasing the

possibilities of obtain a premature convergence to a local

optimum. To prevent this effect in our CRO-SL with LS, we

have introduced a reef restarting mechanism: in our case, the
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reef is restarted depending on two parameters: The measured

improvement of the best solution, and the current diversity in

the reef. Only when the best solution does not improve during

a number of generations, and the diversity is low, the reef

is restarted. The restarting procedure is briefly described in

Algorithm 1: the reef is restarted when the current best solution

is improved less than a threshold value Restartmin during

Nimprovement iterations. Jointly, the diversity in the reef is

observed, and the reef is restarted if the ratio of difference in

fitness between the best coral and the worst one is lower than

another threshold MinΔFitness.

Algorithm 1 Pseudo-code for the restarting mechanism.

1: Improvement ← Δmin(PopFitness) in last

Nimprovement iterations.

2: if Improvement < Restartmin then
3: FitnessDif =

max(Popfitness)−min(Popfitness)

max(Popfitness)
4: if FitnessDif < MinΔFitness then
5: Restart algorithm

6: end if
7: end if

When the reef is restarted, the best coral is maintained

(elitism criterion) and the rest of corals in the reef are

randomly initialized.

IV. EXPERIMENTS AND RESULTS

In order to analyze the performance of our proposal in

LSGO, we have carried out different experiments with the

specific benchmark functions and experimental conditions

indicated on the Special Session on Large Scale Global Opti-

misation [12]. This benchmark is composed by 15 continuous

optimization functions of dimension 1000 and with different

degrees of separability, from completely separable functions

to fully non-separable functions:

• Fully separable functions: f1 − f3.

• Partially separable functions: with a separable subcom-

ponent (f4 − f7) and without separable subcomponents

(f8 − f11).

• Overlapping functions: f12 − f14.

• Non-separable functions: f15.

A complete information and further description of these

functions can be found in [12].

This test suite defines specific experimental conditions,

which allow a direct comparison of the optimization results

obtained by different algorithms. The proposed CRO-SL al-

gorithm has been run 25 times for each function until the

maximum number of fitness evaluations (FEs) is achieved:

for every function, MaxFEs = 3.0e+06. Also, the current best

fitness obtained is shown for different FEs: 1.2e+05, 3.0e+05,

and 6.0e+06.

The experiments have been carried out with the parameters

values indicated in Table I. These parameters have been ob-

tained from previous works where they provided good results,

though some of them have been updated after some prelimi-

nary experimental tests on the objective functions considered.

Note that we have not carried out a fully automated tuning of

the CRO-SL parameters, so it could possible that the results

could improve with different values. We consider this point as

a future line to improve the algorithm.

TABLE I
PARAMETERS VALUES USED IN THE HYBRIDIZATION OF THE CRO-SL

WITH LS.

Parameter Description value
Reef Reef size 240
Fb Frequency of broadcast spawning 97%
Natt Number of tries of larvae settlement 3
Pd Probability of depredation 10%
FreqLS Frequency of each LS 5
Istep Initial step size for MTS 20
LSevals Evaluation in each LS application 2000
Nimprovement Iterations without improvement 5
Restartmin Minimum improvement 10−3

MinΔFitness Ratio of diversity 2%

Six different substrates layers have been used in the exper-

iments carried out:

1) Mutation from the harmony search.

2) Mutation used in differential evolution (with F = 0.6).

3) Classic two-points crossover.

4) Gaussian Mutation, with a δ value linearly decreasing

during the run, from 0.2 · (A − B) to 0.02 · (A − B),
where [B,A] is the domain search.

5) Multi-point crossover.

6) Gaussian Mutation, with a δ value linearly increasing

from 0.2 · (A − B) to 0.02 · (A − B), where [B,A] is

the domain search.

A. Influence of each substrate in improving the search

Although the CRO is a simple algorithm, the introduction

of different substrates to form the CRO-SL increases its com-

plexity and exploration possibilities, and gives the algorithm

a kind of co-evolution capacity. The inclusion of substrate

layers opens therefore new questions about the role that each

substrate takes in the evolution of the search. In order to

analyze the influence of each substrate layer in the algorithm’s

search capability, we have measured in each iteration which is

the substrate that has generated the best coral larva. Figure 3

shows the ratio of times in which each substrate gives the best

solution during the search for different objective functions.

First, it can be observed that the contribution of each substrate

varies during the search. As an example, in the case of F4

and F8 the substrate with the higher ratio is changing during

the search, and it strongly depends on the landscape of the

function to optimize, as it was expected. At a first glance, it

may seem strange the high ratio of good results obtained by

the classic 2-point crossover. However, it has to be considered

that, in combination with a LS method, it is convenient to

have a disruptive mutation, able to maintain at the same the

variable values obtained by the LS method.
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Fig. 3. Ratio of times each substrate gives the best results, for different functions.
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B. Experimental Results

The summary of the results obtained by the proposed CRO-

SL algorithm are presented in Table II, and in comparison

with the reference algorithm (DECC-CG), in Table III. From

these table, we can observe that our proposal improve DECC-

CG in eight functions, in particular with non-separable and

not overlapping like f11, f12, f14, f15, the most difficult ones.

Also, with the exception of separable functions, where DECC-

CG is clearly better (f1, f3), in the rest of functions in which

DECC-CG obtains better results, results of both algorithms

maintain the same level of magnitude. However, for many

functions in which CRO improves DECC-CG, the difference

is very significant, such as in functions f5, f11, f13, f14 and

f15. In this latter case the worst result obtained by CRO-SL is

better than the best one obtained by the reference DECC-CG.
It is remarkable that, while DECC-CG tries to improve the

problem by decomposing the group of variables in subgroups,

CRO-SL with LS tries to optimize all variables at the same

time. This is the reason why the DECC-CG obtains better

results in separable functions. Note however that the CRO-SL

with LS clearly improve the reference algorithm in the most

difficult and complex functions, maintaining a robust behavior

in the majority of objective functions tested.
Finally, we would like to remark that this paper is the first

work on the CRO-SL which focus on co-evolving different

exploration approaches in the substrate layer. The main ob-

jective of the paper is to prove that this meta-heuristic could

be competitive with alternative existing methodologies, and

further work to improve the algorithm and make it stronger

in LSGO problems is needed. We are currently trying dif-

ferent alternative classes of substrates, with novel exploration

approaches to be tested in the algorithm. We also would like

to point out that the CRO-SL could help directly compare

novel exploration operators that can be defined for a given

problem, within the same population and in terms of the same

objective function. This capability of the CRO-SL will be for

sure exploited in the near future.

V. CONCLUSIONS

In this paper we have presented a novel modification of

the Coral Reefs Optimization algorithm (CRO) to include

substrate layers on it, obtaining this way a novel hybrid

approach called CRO-SL. Each substrate layer represents here

a type of exploration (searching) mechanism. This way, the al-

gorithm promotes competitive co-evolution between different

searching procedures (substrate layers) within one population

(the simulated reef of the CRO), and with the dynamics and

rules of the CRO approach. CRO-SL has been hybridized

with a LS method and we have applied the hybrid algorithm

resulting to tackle Large Scale Global Optimization (LSGO)

problems, specifically to a specially designed test suite. The

performance of the CRO-SL with LS has been compared to the

reference algorithm DECC-CG, proving that our proposal, not

been specifically designed for LSGO, obtains better results,

specially in the most complex functions: non-separable, and

overlapping functions.
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Median 5.91e+06 1.19e+03 2.02e+01 5.92e+10 5.71e+07 1.06e+06 1.07e+09 1.19e+15
6.00E+5 Worst 3.55e+07 1.31e+03 2.02e+01 8.97e+10 7.86e+07 1.07e+06 2.81e+09 8.43e+15

Mean 1.16e+07 1.18e+03 2.02e+01 6.43e+10 5.49e+07 1.06e+06 1.46e+09 2.56e+15
Std 1.41e+07 1.30e+02 3.78e-02 1.71e+10 2.39e+07 1.52e+03 9.29e+08 3.31e+15
Best 9.60e+05 8.36e+02 2.01e+01 6.18e+09 1.62e+07 1.06e+06 1.41e+08 1.48e+14

Median 1.28e+06 1.01e+03 2.01e+01 1.32e+10 2.54e+07 1.06e+06 1.70e+08 3.37e+14
3.00E+6 Worst 4.39e+06 1.08e+03 2.02e+01 2.71e+10 3.04e+07 1.06e+06 4.99e+08 9.16e+14

Mean 1.84e+06 9.84e+02 2.01e+01 1.55e+10 2.38e+07 1.06e+06 2.78e+08 4.56e+14
Std 1.43e+06 9.65e+01 2.36e-02 7.90e+09 6.26e+06 1.13e+03 1.65e+08 3.07e+14

F9 F10 F11 F12 F13 F14 F15
Best 9.11e+08 9.45e+07 1.42e+11 3.45e+05 2.63e+10 3.62e+11 1.10e+08

Median 9.64e+08 9.48e+07 4.29e+11 1.45e+06 2.93e+10 5.57e+11 1.25e+08
1.25E+5 Worst 1.15e+09 9.54e+07 9.98e+11 1.33e+07 3.45e+10 6.38e+11 1.69e+08

Mean 9.97e+08 9.48e+07 4.91e+11 3.80e+06 2.93e+10 5.14e+11 1.35e+08
Std 9.62e+07 3.65e+05 3.17e+11 5.48e+06 3.27e+09 1.34e+11 2.36e+07
Best 4.66e+08 9.45e+07 5.36e+10 2.56e+03 9.48e+09 8.22e+10 3.09e+07

Median 5.63e+08 9.47e+07 1.31e+11 2.85e+03 1.25e+10 1.72e+11 4.08e+07
6.00E+05 Worst 1.12e+09 9.48e+07 5.15e+11 1.34e+05 1.56e+10 2.34e+11 4.94e+07

Mean 6.52e+08 9.46e+07 2.06e+11 3.03e+04 1.26e+10 1.74e+11 4.06e+07
Std 2.65e+08 1.25e+05 1.89e+11 5.79e+04 2.30e+09 5.81e+10 7.58e+06
Best 4.55e+08 9.42e+07 8.57e+09 1.47e+03 4.68e+09 3.03e+10 1.31e+07

Median 5.29e+08 9.44e+07 2.35e+10 2.32e+03 5.18e+09 5.39e+10 1.99e+07
3.00E+6 Worst 5.83e+08 9.48e+07 6.26e+10 9.69e+03 6.31e+09 1.17e+11 2.23e+07

Mean 5.27e+08 9.44e+07 2.91e+10 3.69e+03 5.33e+09 6.08e+10 1.88e+07
Std 5.02e+07 2.70e+05 2.18e+10 3.38e+03 6.23e+08 3.53e+10 3.48e+06

TABLE III
COMPARISONS OF RESULTS AGAINST THE REFERENCE ALGORITHM (DE-CC-CG) FOR FES=3.0E+06.

F1 F2 F3 F4 F5 F6 F7 F8
Best 1.75e-13 9.90e+02 2.63e-10 7.58e+09 7.28e+14 6.96e-08 1.96e+08 1.43e+14

Median 2.00e-13 1.03e+03 2.85e-10 2.12e+10 7.28e+14 6.08e+04 4.27e+08 3.88e+14
DECC-CG Worst 2.45e-13 1.07e+03 3.16e-10 6.99e+10 7.28e+14 1.10e+05 1.78e+09 7.75e+14

Mean 2.03e-13 1.03e+03 2.87e-10 2.60e+10 7.28e+14 4.85e+04 6.07e+08 4.26e+14
Std 1.78e-14 2.26e+01 1.38e-11 1.47e+10 1.51e+05 3.98e+04 4.09e+08 1.53e+14
Best 9.60e+05 8.36e+02 2.01e+01 6.18e+09 1.62e+07 1.06e+06 1.41e+08 1.48e+14

Median 1.28e+06 1.01e+03 2.01e+01 1.32e+10 2.54e+07 1.06e+06 1.70e+08 3.37e+14
CRO-SL with LS Worst 4.39e+06 1.08e+03 2.02e+01 2.71e+10 3.04e+07 1.06e+06 4.99e+08 9.16e+14

Mean 1.84e+06 9.84e+02 2.01e+01 1.55e+10 2.38e+07 1.06e+06 2.78e+08 4.56e+14
Std 1.43e+06 9.65e+01 2.36e-02 7.90e+09 6.26e+06 1.13e+03 1.65e+08 3.07e+14

F9 F10 F11 F12 F13 F14 F15
Best 2.20e+08 9.29e+04 4.68e+10 9.80e+02 2.09e+10 1.91e+11 4.63e+07

Median 4.17e+08 1.19e+07 1.60e+11 1.03e+03 3.36e+10 6.27e+11 6.01e+07
DECC-CG Worst 6.55e+08 1.73e+07 7.16e+11 1.20e+03 4.64e+10 1.04e+12 7.15e+07

Mean 4.27e+08 1.10e+07 2.46e+11 1.04e+03 3.42e+10 6.08e+11 6.05e+07
Std 9.89e+07 4.00e+06 2.03e+11 5.76e+01 6.41e+09 2.06e+11 6.45e+06
Best 4.55e+08 9.42e+07 8.57e+09 1.47e+03 4.68e+09 3.03e+10 1.31e+07

Median 5.29e+08 9.44e+07 2.35e+10 2.32e+03 5.18e+09 5.39e+10 1.99e+07
CRO-SL with LS Worst 5.83e+08 9.48e+07 6.26e+10 9.69e+03 6.31e+09 1.17e+11 2.23e+07

Mean 5.27e+08 9.44e+07 2.91e+10 3.69e+03 5.33e+09 6.08e+10 1.88e+07
Std 5.02e+07 2.70e+05 2.18e+10 3.38e+03 6.23e+08 3.53e+10 3.48e+06
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