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Fig. 1. Heatmap of the performance comparison of optimization
algorithms.

Fig. 2. Boxplot comparison of the algorithms.
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stable than ECO. When the functions are examined separately, eRFO
has the lowest dispersion and the most stable results in 7 , whereas
ECO’s wide variance caused weak reliability. In %, , although all algo-
rithms produced similar median values, eRFO’s narrow box and short
tails indicate greater stability. In 5, eRFO again exhibited stability
with the lowest variance, while GWO and MGO differed with higher
dispersion; in %, , despite the multimodal structure, eRFO provided
a clear superiority with its low median and tight dispersion.

In Fs, eRFO clearly achieved both the best values and narrow
dispersion, while ECO and GWO showed quite wide scatter. In
Fs , the eRFO box is lower and narrower than the others, dem-
onstrating that the algorithm exhibits high stability despite frac-
tal challenges. In %, where long-range search is required, eRFO,
combined with RFO, provides a more stable distribution, while
ECO and MGO exhibit significant fluctuations. In 73, although all
algorithms produce similar results, eRFO has a narrower box and
a lower median. In Fy, eRFO provides a very narrow distribution
with very low values, while RFO remains similarly stable, while ECO
and GWO exhibit wide variance. In F,, although all algorithms
produce close median values, eRFO stands out with its lower vari-
ance. Overall, the box plots clearly demonstrate that eRFO is the
most consistent algorithm, achieving both high accuracy and solu-
tion repeatability. In contrast, ECO suffers from reliability issues
due to its wide distribution.

C. Overall Comparative Performance of Algorithms

Three different global metrics were used to evaluate the overall per-
formance of the algorithms: performance profile, speed-accuracy
Pareto analysis, and average ranking results.

The performance profile curves (Fig. 3) show the relative perfor-
mance of the algorithms across all test functions. The horizontal axis
represents the value of t (performance ratio), and the vertical axis
represents the probability of P(7) .

A faster curve rise and saturation at values closer to 1 indicate that
the algorithm exhibits more consistent and superior performance
across different functions. The results show that eRFO reaches level 1
in the shortest time, demonstrating its ability to produce the best or
near-best solutions across all functions.

Fig. 4 shows the Pareto speed-quality distribution between the
algorithms’ average solution quality and average computation
time. The horizontal axis represents the average running time, and
the vertical axis represents the average objective function values
obtained. The results show that the ECO algorithm is at the most
disadvantageous position in the speed-quality trade-off due to
both its high time cost and low solution quality. While MGO is rela-
tively faster, its high average solution values limit quality. While
RFO and GWO provide a moderate balance, eRFO demonstrates a
significant advantage in the speed-quality trade-off, with the low-
est average values and competitive computation time. The finding
indicates that eRFO produces better solutions and offers a compu-
tational efficiency advantage.

Ruppel’s Fox Optimizer also achieved a high success rate, ranking
second. While GWO and MGO demonstrate satisfactory performance
in certain functions, the late rise of their curves indicates limitations
in overall performance. Education Competition Optimizer, on the
other hand, lags in terms of stability and quality due to its slower and
later curve rise. This analysis reveals that eRFO provides superiority

not only in average values but also in distributional success across
all functions.

The summary metrics in Fig. 5 reveal the algorithms’ comparative
performance across four dimensions. The first graph shows that
eRFO achieves the best solution quality, with the lowest average
objective function value. RFO and GWO provided relatively stable
outcomes, while ECO and MGO reached higher average values. The
second graph shows solution stability. In this metric, eRFO had the
lowest variance and more stable performance, while ECO produced
fluctuating results with a higher SD. The third graph compares the
algorithms’ running speeds. MGO was the fastest, and eRFO also
stayed competitive with a low average time.

Education Competition Optimizer, on the other hand, required the
highest computational time. The last graph summarizes the overall
ranking and confirms that eRFO was the best algorithm in all crite-
ria, followed by RFO and GWO. These results show that the proposed
eRFO consistently outperforms in solution quality, stability, and time
efficiency.

D. Statistical Significance Analysis

Table IV presents the outcomes of the Wilcoxon signed-rank test,
applied to assess whether the performance differences among the
algorithms carry statistical significance. The analysis was carried out
using goodness-of-fit values computed for all benchmark functions.
Results indicate that eRFO surpasses ECO, GWO, and MGO with sta-
tistically meaningful gains in every comparison and also performs
better than conventional RFO. Overall, the statistical evidence points
to genuine algorithmic improvements rather than incidental perfor-
mance variation.

V. CONCLUSIONS

The proposed eRFO method in this study was developed to address
the limitations of the classical RFO, such as early convergence, rapid
loss of diversity, and insufficient utilization capacity. The proposed
method combines four complementary mechanisms:

« Asinusoidal adaptive control factor that dynamically regulates the
exploration—-exploitation balance;

« A logistic-map-based chaotic component that maintains popula-
tion diversity;

« An OBL strategy that enlarges the search space; and

+ A lightweight Nelder-Mead local search module that refines the
best candidate solution with minimal computational overhead.

Capabilities of eRFO were evaluated on ten reference functions
from the CEC-2019 suite and compared with RFO, ECO, GWO, and
MGO under identical experimental settings. Results indicate that
eRFO ranks first in eight functions and second in the remaining two,
reflecting a steady advantage in accuracy, robustness, and repeat-
ability. Numerical analyses show that eRFO achieves up to 62.8%
improvement in mean error relative to conventional RFO and pro-
duces lower maximum, mean, and SD values for most test func-
tions. Performance and ranking assessments further reveal that the
enhancements strengthen convergence behavior without increas-
ing computational cost.

Taken together, findings demonstrate that eRFO forms a reliable and
effective metaheuristic structure capable of delivering stable con-
vergence, higher-quality solutions, and stronger robustness across
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TABLE IV. WILCOXON SIGNED-RANKTEST RESULTS

Significance
Comparison P (a=0.05) Superiorty
eRFO vs. ECO <.001 Significant eRFO
eRFO vs. GWO 004 Significant eRFO
eRFO vs. MGO 009 Significant eRFO
eRFO vs. RFO 021 Significant eRFO

ECO, Education Competition Optimizer; eRFO, enhanced Ruppel’s Fox
Optimizer; GWO, Grey Wolf Optimizer; MGO, Mountain Gazelle Optimizer; RFO,
Ruppel's Fox Optimizer.

a wide spectrum of difficult optimization tasks. Future research may
extend eRFO to constrained, dynamic, or multi-objective settings
and explore its applicability to practical engineering problems.
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