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1. INTRODUCTION

Pressure-vessel design requires simultaneous decisions about material thickness, geometry,
fabrication, capacity, and safety. The classical benchmark minimizes the manufacturing cost of a cylindrical
shell with hemispherical heads. Its design vector contains shell thickness, head thickness, inner radius, and
cylindrical length. The two thicknesses are restricted to commercial plate increments, whereas the
geometric dimensions are continuous. This mixed-discrete structure, combined with nonlinear stress and
volume constraints, makes the problem a standard test for engineering optimization [1].

The standard formulation has a proven global minimum of 6059.714335048436 at a design
located close to active shell-thickness and volume constraints [2]. This reference is important because the
literature includes results obtained under altered bounds, continuous thickness assumptions, or
incomplete feasibility enforcement. A numerical result below the proven mixed-discrete optimum is not
evidence of improvement unless the same manufacturing increments, length bound, and original
inequalities are satisfied. Therefore, the present study states the variable domains, repair rules, feasibility
tolerance, and reference optimum explicitly.

Constraint handling is central to this benchmark. Penalty methods convert violations to a scalar
addition, but their behaviour depends on coefficient scaling and on the different numerical magnitudes of
the constraints [3]. Feasibility rules avoid part of this sensitivity by preferring feasible candidates,
comparing objective values among feasible candidates, and comparing violation magnitudes among
infeasible candidates [4]. Reviews of constrained evolutionary optimization also show that repair, ranking,
and penalty design can affect results as strongly as the movement operator itself [5]. The SDOA
implementation therefore uses problem-structured repair followed by verification with the original
inequalities. Metaheuristics are attractive for such problems because they do not require derivatives and
can combine global movement, information sharing, and local refinement [6]. Their stochastic nature,
however, prevents reliable conclusions from a single best run. The no-free-lunch principle further implies
that no optimizer is uniformly superior over all problem classes [7]. Consequently, this paper evaluates ten
SDOA parameter settings through 30 independent runs each and reports distributions, convergence,
feasibility, runtime, run-wise ranks, and nonparametric tests.

The study has four objectives. First, it gives a reproducible pressure-vessel formulation of SDOA,
including integer-thickness repair and feasibility-first acceptance. Second, it measures the sensitivity of
SDOA to population size, iteration budget, current strength, mutation rate, oxygen decay, and elite size.
Third, it links final performance to the internal use of global exploration, moderate exploration,
exploitation, fine tuning, and reset. Fourth, it selects a configuration using repeated-run evidence rather
than isolated best-case accuracy. Sections 2 and 3 present related work and methodology separately, as
required by the journal format. Section 4 reports the results and discussion, and Section 5 concludes the

paper.
2. RELATED WORK

2.1 Metaheuristics for Constrained Mechanical Design

Differential evolution (DE) forms trial vectors from scaled population differences and has become
a standard continuous optimizer [8]. Particle swarm optimization (PSO) updates particles from personal
and social information [9]. Teaching-learning-based optimization (TLBO) uses teacher and learner phases
and has been applied directly to constrained mechanical design [10]. These methods represent different
information-transfer mechanisms, but each depends on boundary treatment and feasibility handling when
applied to the pressure-vessel benchmark.

Later population-based algorithms introduced state-dependent movement. Grey Wolf Optimizer
(GWO) uses a leadership hierarchy and encircling model [11]. The Whale Optimization Algorithm (WOA)
alternates shrinking encirclement, spiral movement, and exploration [12]. The Sine Cosine Algorithm (SCA)
controls movement around the current best through trigonometric functions [13]. The Salp Swarm
Algorithm (SSA) combines leader movement with a follower chain [14], while Harris Hawks Optimization
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(HHO) switches among exploration and exploitation strategies according to an energy model [15]. These
algorithms show that changing operator behaviour over time or state can be useful, but published best
values remain meaningful only when the same mixed-discrete formulation is enforced.

2.2 Methodological Requirements for Metaheuristic Assessment

Recent methodological discussions emphasize transparent algorithms, controlled computational
budgets, repeated runs, and disclosure of parameter settings. Nature-inspired optimization remains useful,
but new metaphors do not replace the need for identifiable operators and reproducible experiments [16].
Nonparametric statistical tests are recommended because stochastic optimizer outputs are often non-
normal, heteroscedastic, or affected by ties [17]. Multiple-comparison procedures are also necessary when
many configurations are examined simultaneously [18].

General reviews describe metaheuristics as combinations of diversification, intensification,
memory, and adaptation rather than as isolated biological analogies [19]. Taxonomies of bio-inspired
methods similarly classify algorithms by their search mechanisms and population structure [20]. Previous
constrained-design studies have shown that optimizer performance depends on the interaction between
movement rules and feasibility treatment [21]. Historical surveys also indicate that many modern methods
reuse established mechanisms such as random perturbation, elitism, local search, and information sharing
under new state models [22]. SDOA is evaluated here at this operational level: its claimed contribution is
the coordination of known search functions by oxygen-regulated stage allocation, not the metaphor alone.

2.3 Research Gap

The pressure-vessel literature contains many best-run comparisons, but fewer studies examine
how parameter choices alter reliability and stage usage under one fixed implementation. A configuration
may reach the optimum once while producing a weak mean, wide dispersion, or frequent near-feasible
outcomes. The present work addresses this gap by comparing ten SDOA configurations with matched seed
identifiers, complete feasibility verification, convergence records, and paired statistical analysis. The
experiment also records the percentage of diver-iterations assigned to each stage, enabling the numerical
results to be interpreted through the actual internal search schedule.

A further gap concerns comparability across pressure-vessel studies. Some articles report
continuous thicknesses even though the standard benchmark requires multiples of 0.0625 in; others use a
240-in length bound, omit the head-thickness restriction, or accept small negative volume margins as
feasible. These differences can produce costs below the proven optimum without solving the same
problem. The present analysis avoids that ambiguity by retaining the standard 200-in upper bound,
repairing thicknesses to the manufacturing grid, and evaluating every final design with the original four
inequalities. The reported comparison is therefore formulation specific rather than a general claim against
all variants of the benchmark.

The related literature also indicates that constraint handling and local refinement are often
responsible for much of the performance attributed to a named optimizer. Differential evolution, swarm
methods, and teaching-learning approaches can all perform well when their candidate solutions are
repaired or ranked consistently. For this reason, the present methodology separates three elements: the
SDOA movement rules, the oxygen-based allocation of those rules, and the pressure-vessel repair
procedure. This separation permits the observed accuracy to be interpreted conservatively. The results
demonstrate the behaviour of the complete implementation; they do not imply that oxygen regulation alone
accounts for every improvement.

3. METHODOLOGY

3.1 Pressure-Vessel Mathematical Model

The general constrained minimization problem and the specific pressure-vessel objective are
written as follows. The design vector is x = [T_s, T_h, R, L], where T_s and T_h are the shell and head
thicknesses, R is the inner radius, and L is the cylindrical length.
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mxinf(x) subjectto g;(x) <0,j=1,..,m, x'<x<x" (1
F(X) = 0.6224T,RL + 1.7781T,R? + 3.1661T2L + 19.84T2R. (2)
g1(x) = =T, + 0.0193R < 0. (3)
g2(x) = =T}, + 0.00954R < 0. (4)
g3(X) = —R2L — 4?”1%3 + 1,296,000 < 0. (5)
ga(x) = L — 240 < 0. (6)
0.0625 < T, T, < 6.1875, 10 <R,L < 200. (7)

T, = 0.0625k,, T, = 0.0625k,, kg kn=12,.. (8)

The objective combines shell material, head material, forming, and welding terms. Constraints (3)
and (4) impose minimum wall thicknesses, (5) enforces the required internal volume, and (6) retains the
conventional maximum length. The discrete rule in (8) forces both thickness variables to multiples of
0.0625 in. Table 1 summarizes the domains, and Figure 1 shows the corresponding pressure-vessel

geometry and design variables.

Table 1. Pressure-Vessel Design Variables and Domains

Variable Meaning Type Lower Upper Rule
T_S Shell Thickness (In) Discrete 0.0625 6.1875 0.0625 Increment
T_H Head Thickness (In) Discrete 0.0625 6.1875 0.0625 Increment
R Inner Radius (In) Continuous 10 200 Bounded
L Cylindrical Length (In) Continuous 10 200 Bounded

Cylindrical pressure vessel with hemispherical heads
Ts

L
Design vector: x = [T, Tp, R, L]

Figure 1. Pressure-Vessel Geometry and Design Variables

3.2 SDOA Search Concept and Population Representation
Each diver represents one candidate design vector. The algorithm stores the position, objective

value, normalized violation, oxygen level, and current depth stage of every diver. The best feasible or least-
penalized diver is maintained as the global guide. The population is initialized through a stratified
distribution in each variable, after which one third of the candidates are replaced by uniformly random

designs. For variable j, the stratified initialization is
. Ui-L; .
xi(j‘) =Lj+(‘_1+ri,j)%. i=1,..,N, 9)

Whereri,j ~ U(0,1), N is the number of divers, and L and U; are the variable bounds. The initial

candidates are repaired before evaluation.
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3.3 Adaptive Current, Mutation, Oxygen, and Depth States
The current strength decreases quadratically:

C: = Cp (1 - %)2, (10)

Where ¢, is the initial current strength, t is the current iteration, and T is the maximum iteration
count. The mutation probability decreases linearly:

t
pe= o (1-7) (11)
For non-elite divers, oxygen is updated before stage assignment as
0 = 0f Vexp (-at), (12)

Where a is the oxygen-decay coefficient. Accepted candidates receive an oxygen increment of 5,
capped at the initial level. A reset restores the oxygen level to its initial value. Elite positions and their
stored oxygen values are preserved at the end of each iteration.

The depth stage is selected by

(1, 0 >7s,
|2, 55<0® <75,
p® = { 3, 35<0" <55, (13)
|4 15<0{ <35,
s, 0® <1s.

The thresholds connect the physiological state to five movement modes. Oxygen recovery and
reset allow a diver to return to an earlier stage, so stage usage is not constrained to a one-way progression.

3.4 Stage-Specific Search Operators
3.4.1 D1 Global Exploration
D1 applies a Cauchy-like heavy-tailed step:

x;' =%; + ¢ (U—L) © tan[r(r — 0.5)] (1 — %), (14)
Where ra vector of independent uniform is random values and (O denotes component-wise

multiplication. The heavy tail permits occasional long movements, while the time factor contracts the step
toward the end of the run.

3.4.2 D2 Moderate Exploration
With probability 0.7, D2 forms a convex crossover with the global best:

x;"=m%; + (1 = M)Xpese, 1~ UO,1). (15)
Otherwise, it applies a bounded random walk:
;'=x+¢U-L)O (2r-1). (16)

The two alternatives combine guided relocation with moderate unguided movement.

3.4.3 B1 Exploitation

B1 applies coordinate-wise local search. For each dimension, positive and negative trial
movements are evaluated. The thickness step is exactly 0.0625 for T, and T}, while the continuous-variable
step decreases from 2% of the corresponding range to a minimum fraction near the final iteration. The best
local candidate is retained. With probability 0.6, the locally improved design is then crossed with a
randomly selected elite diver. This stage therefore uses deterministic neighborhood checking followed by
elite information exchange.
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3.4.4 D3Fine-Tuning
When a uniform random value is belowy;, D3 applies non-uniform mutation. For variablej,

x;+ 45U —x;5), 11 <05,

(17)
Xij — Aj,t(xi,j - Lj), r, = 0.5,

B =1—r0tT° oy = {
Withb = 5. The mutation magnitude approaches zero as t approachesT.

3.4.5 Reset Diversification

At stage 5, a diver is reinitialized with probability 0.4 or whenever its stored violation is positive.
The repaired new design replaces the current candidate only if it improves the feasibility-first penalized
fitness. Reset therefore introduces diversity without automatically discarding a better incumbent.

3.5 Global-Best Communication and Elitism
After the stage operator and greedy acceptance, a non-best diver can sample a neighborhood of
the global best. The communication candidate is

Xcomm = Xpest ¥ 0.1(U—L) © (r —0.5). (18)

The communication probability is 0.60;/0,, so divers with higher oxygen communicate more
frequently. The candidate is repaired and accepted only if its penalized fitness is better. Before the divers
are updated, the best K candidates are stored. Their positions and oxygen levels are restored after the
population loop, which provides explicit elitism.

3.6 Pressure-Vessel Repair and Feasibility Ranking
The repair procedure first clips each variable to its bounds and rounds the two thickness variables
to the nearest 0.0625-in increment. If the current radius does not provide the required volume, the
minimum required cylindrical length is
1,296,000-°R?

TR?2

Lreq = (19)

WhenlL,.., < 200, L is increased to at least this value. IfL,., > 200, a bisection search increases R
until the required volume is attained atL = 200. The minimum discrete thicknesses are then enforced:
. 70.0193R 70.00954R
T, < max (TS, 0.0625ceil (m», T, < max (Th, 0.0625ceil (WD (20)
Positive constraint violations are normalized to prevent the volume constraint from dominating
solely because of its scale:

CV(X) _ max(g1,0) , max(g,,0) + max(g3,0) + max(g4,0)’ (21)
6.1875 6.1875 1,296,000 240

The scalar ranking value is

(%), CV(x) < 10712,

F(X) = {1010 + 106CV(X) + f(x)' otherwise. (22)

The large offset ensures that every feasible design is preferred to every infeasible design within
the stated bounds. Final feasibility is verified using the original constraints, not the repaired state alone.

3.7 Algorithm Sequence and Computational Complexity

Figure 2 summarizes the complete procedure. The nominal population-iteration work isN X T, but
the actual objective-evaluation count is larger because B1 local search evaluates up to two candidates per
dimension and the communication step can introduce another evaluation. With a fixed four- dimensional
pressure-vessel model, the dominant computational order remains approximatelyO(NTD), whereD = 4.
The repair bisection uses at most 60 inexpensive volume calculations when the current radius is
insufficient at the maximum length.
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Define bounds, discrete step, target volume,
and SODA parameters

Initialize stratified/random diver population
and repair deck design

Evaluate cost and/or risked violation,
identify the global best

Update oxygen level and
assign depth stage

A A

\ 4

A 4
D1: Global exploration D2: Moderate explorauon D3: Exploratuon D3: Fine tuning Reset: Diversification
Cauchy-like heavy-tailed step Best crossover or random walk Local search and elite crossover Non-uniform mutation Reinitialize selected/infeasible diver

_( Repair bounds, 0.0<25-in thickness incremenbs]A
'kminimum volume, and required wall thicknesses)‘

Evaluate candidate and apply N
greedy feasibility first acceptance o

Communicate with global best
and preserve elite divers

Update global best and record convergence,
feasibility, runtime, and storage usage

v

Stopping
condition met?

l Yes

Return best feasible
pressure-vessel design

Figure 2. Computational Sequence of SDOA for Mixed-Discrete Pressure-Vessel Design

e Define the pressure-vessel objective, constraints, bounds, manufacturing increment, and SDOA
parameters.

o Initialize, repair, and evaluate the diver population; then identify the initial global best and elite set.

e Ateach iteration, update the adaptive current strength, mutation probability, and oxygen levels.

e Assign every non-elite diver to D1 global exploration, D2 moderate exploration, B1 exploitation, D3
fine-tuning, or reset diversification.

e Apply the selected stage operator, repair the candidate, and evaluate its objective and normalized
constraint violation.

e Apply feasibility-first greedy acceptance, oxygen recovery for accepted candidates, and probabilistic
communication with the global best.

e Restore elite positions and oxygen states, update the global best, and record convergence, feasibility,
runtime, and stage usage.

e Repeat until the maximum iteration count is reached and return the best feasible pressure-vessel
design.

3.8 Experimental Design
Ten parameter configurations were selected to vary population size, iteration budget, current
strength, mutation rate, oxygen decay, and elite size. Each setting was executed 30 times, producing 300
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final observations. Seed identifiers 20260701-20260730 were reused across configurations as
reproducible paired blocks. The experiments used an equation-equivalent compiled Python/Numba
implementation because MATLAB and GNU Octave were unavailable in the execution environment.
Compilation overhead was excluded from timing; runtime is therefore interpreted only as a relative
measure within this experiment. Table 2 lists the ten parameter configurations examined in this study.

Table 2. SDOA Parameter Configurations

Set Divers Iter. Current Mutation 02 Decay Elite
S1 50 300 0.20 0.50 0.30 8
S2 60 400 0.15 0.40 0.25 12
S3 80 400 0.30 0.70 0.45 16
S4 100 400 0.30 0.80 0.50 20
S5 100 500 0.50 0.90 0.35 15
Sé6 100 500 0.18 0.50 0.70 25
S7 150 400 0.30 0.80 0.50 30
S8 80 600 0.30 0.80 0.50 16
S9 120 500 0.60 1.00 0.80 20
S10 150 200 0.50 0.40 0.20 20

Performance indicators were best, mean, median, standard deviation, interquartile range, worst
value, relative gap from the proven optimum, success rate at three thresholds, convergence, feasibility,
mean runtime, stage usage, and run-wise rank. The Friedman test assessed the omnibus null hypothesis of
equal configuration performance [23]. Paired Wilcoxon signed-rank tests compared the selected setting
with each alternative [24] and adjusted probabilities controlled multiplicity. Parameter-sensitivity analysis
follows the same principle used in earlier constrained-design studies: conclusions should not depend on an
unexamined single configuration [25].

4. RESULTS AND DISCUSSION

4.1 Descriptive Performance

All 300 runs ended with feasible designs. Every configuration produced a best value within
0.000114% of the proven optimum, indicating that repair consistently directed the population toward the
narrow feasible region. The principal differences occurred in mean cost, dispersion, and the frequency of
high-precision outcomes. Table 3 orders the settings by mean rank.

Table 3. Final-Cost Statistics Over 30 Runs

Set Best Mean Median SD Mean Rank | Rank
S7 6059.715226 6059.766062 6059.737500 0.055056 4.000 1
S8 6059.714922 6059.794485 6059.745750 0.144997 4.033 2
S9 6059.714483 6059.777551 6059.747478 0.085912 4.333 3
S5 6059.715210 6059.788058 6059.751045 0.133933 4.567 4
S2 6059.721210 6059.883818 6059.772992 0.227922 5.933 5
S10 6059.714621 6059.998294 6059.821093 0.450105 6.200 6
S6 6059.714922 6060.007037 6059.793927 0.369014 6.267 7
S4 6059.715293 6059.873046 6059.798165 0.217239 6.367 8
S1 6059.715051 6059.952426 6059.804950 0.316203 6.600 9
S3 6059.715043 6060.036843 6059.802556 0.653482 6.700 10

S7 obtained the best mean rank (4.000), a mean cost of 6059.766062, and the smallest standard
deviation (0.055056). S8 ranked second and had a competitive median, but one weaker run increased its
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standard deviation. S9 produced the lowest individual cost and remained strong by mean rank. S3 had the
largest dispersion and the weakest rank despite a highly accurate best run. This contrast confirms that a
single minimum is insufficient for selecting a dependable configuration. Figure 3 shows the mean
convergence of the ten configurations, and Figure 4 shows the distribution of final cost error over the 30
runs.

oG] e—G3  e— S5 S7 S9

10° 4

Mean relative gap from reference cost (%)

10—3 -
(’) 2’0 4b 6'0 8'0 1(’)0
Normalized search progress (%)
Figure 3. Mean Convergence of the Ten Sdoa Parameter Configurations
o]
3.0 4
2.54
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o
&l il : i = ;?; :
004 == — = —
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Parameter configuration

Final cost minus reference cost

=
o
L

Figure 4. Distribution of Final Cost Error Over 30 Runs

4.2 Best Designs and Constraint Activity

The best designs from all settings selected T_s = 0.8125 and T_h = 0.4375, the same discrete
thicknesses as the proven optimum. Remaining differences were concentrated in the final digits of R and L
along the active volume boundary. S9 produced the closest design: T_s = 0.8125, T_h = 0.4375, R =
42.098445382,and L=176.636603697. Its cost was 6059.714482843, only 0.000147794 above the proven
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optimum, corresponding to a relative gap of 0.000002439%. Table 4 reports the best solution obtained by
each configuration.

Table 4. Best Solution Obtained by Each Configuration

Set Cost Gap (%) T_S T_H R L Seed
§1 6059.71505126 | 0.00001181 | 0.812 | 0.437 | 42.09843971 | 176.63666871 | 2026070
7 9 5 5 5 7 6
$2 6059.72121016 | 0.00011345 | 0.812 0.437 | 42.09838914 | 176.63729537 | 2026070
2 6 5 5 4 8 3
6059.71504299 | 0.00001168 | 0.812 | 0.437 | 42.09843978 | 176.63666787 | 2026072
S3
5 3 5 5 3 5 5
s4 6059.71529285 | 0.00001580 | 0.812 0.437 | 42.09843773 | 176.63669329 | 2026072
8 6 5 5 1 9 0
S5 6059.71521005 | 0.00001444 | 0.812 0.437 | 42.09843841 | 176.63668487 | 2026070
4 0 5 5 1 3 3
6059.71492186 | 0.00000968 | 0.812 0.437 | 42.09844077 | 176.63665555 | 2026072
S6
9 4 5 5 7 1 2
57 6059.71522582 | 0.00001470 | 0.812 | 0.437 | 42.09843828 | 176.63668647 | 2026070
3 0 5 5 2 8 2
S8 6059.71492236 | 0.00000969 | 0.812 0.437 | 42.09844077 | 176.63665560 | 2026070
4 2 5 5 3 1 3
6059.71448284 | 0.00000243 | 0.812 | 0.437 | 42.09844538 | 176.63660369 | 2026070
S9
3 9 5 5 2 7 8
S1 | 6059.71462063 | 0.00000471 0.812 0.437 | 42.09844325 | 176.63662490 | 2026071
0 0 3 5 5 1 0 0

Constraint-utilization analysis showed that the shell-thickness and volume constraints were
effectively active at the best design, while the head-thickness and maximum-length conditions retained
slack. This pattern agrees with the mathematical structure of the global optimum: cost decreases as
material thickness and volume-related dimensions approach their minimum feasible values. The repair
mechanism did not bypass the constraints; it reconstructed candidates near these boundaries and then
evaluated the original inequalities. Figure 5 shows the constraint-utilization profile for the closest design.

Constralnt Utilization for the Best Individual Run (59)

0.917987
0.8 0.735986
0.6
0.4
0.2
0

Shell thickness Head thickness Minimum volume  Maximum length

Figure 5. Constraint Utilization for the Closest SDOA Design
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4.3 Success Rates, Statistical Tests, and Runtime

Success rates separate attainable accuracy from consistency. At the 0.01% and 0.001% thresholds,
most settings succeeded frequently, but the strictest threshold exposed larger differences. S7 achieved a
73.3% success rate within 0.001% of the global optimum and combined this accuracy with the smallest
dispersion. S8 and S9 were also competitive; weaker settings produced accurate individual solutions but
failed more often to complete the final refinement. Figure 6 shows the success rates across the three
accuracy thresholds.

HGap <
0.01%
B Gap <
0.001%
HGap <
‘ | 0.0001%
S1 S2 S3 S4 S5 Sé6 S7 S8 S9 S10

Parameter configuration

100

8

o

6

o

4

o

Success rate (%)

2

o

o

Figure 6. Success Rates under Increasingly Strict Accuracy Thresholds

The Friedman test rejected equal run-wise performance across the ten configurations (chi-square
=36.981818,df=9,p=2.65156 x 10”-5). Kendall's W indicated a non-negligible configuration effect. Holm-
adjusted Wilcoxon comparisons showed that S7 significantly outperformed S1, S2, S3, S4, S6, and S10, while
its differences from S5, S8, and S9 were not significant at 0.05. The correct conclusion is therefore that S7
is the best-ranked setting, while S5, S8, and S9 remain statistically competitive alternatives.

Runtime increased with the nominal population-iteration budget. S7 was not the fastest setting,
but its higher cost was accompanied by lower dispersion and stronger success probability. S8 spent more
iterations with a smaller population and achieved similar rank; S9 used more aggressive movement and
obtained the closest individual solution. The computational trade-off therefore depends on whether the
application prioritizes repeated-run reliability, the probability of an exceptionally accurate result, or
reduced evaluation cost. Absolute runtime values should not be transferred to MATLAB because the
reported measurements were produced by the compiled Python/Numba implementation.

4.4 Search-Stage Behaviour

Stage records explain why the parameter settings differed. Early iterations were dominated by D1
global exploration and D2 moderate exploration. As oxygen declined, B1 exploitation and D3 fine tuning
became more frequent. Reset usage increased when oxygen was depleted, but accepted improvements
temporarily raised oxygen and returned some divers to earlier movement modes. This feedback prevented
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the stage schedule from becoming a fixed monotonic sequence. Figure 7 shows the mean stage allocation
for configuration S7.

Mean SDOA Stage Allocation for 57

100 ~
I D1 global
D2 moderate
B B1 exploitation
B D3 fine-tuning
80 - I Reset

60 -

401

Mean population share (%)

20 -

0 20 40 60 80 100
Normalized search progress (%)

Figure 7. Mean Sdoa Stage Allocation for Configuration S7

S7 retained a substantial exploitation and fine-tuning share during the middle and late search
while avoiding excessive reset activity. S9 reached the strongest single solution but its aggressive oxygen
decay and movement parameters generated greater variation in stage usage. The results suggest that
population size and iteration budget mainly determine how many opportunities the algorithm has to revisit
the active constraint region, whereas oxygen decay determines how these opportunities are distributed
among exploration, refinement, and reset.

4.5 Comparison with Established Search Behaviour

The observed convergence pattern is consistent with earlier mechanical-design applications of DE,
PSO, TLBO, GWO, WOA, SCA, SSA, and HHO: large reductions occur early, while the final digits require
sustained search near active constraints. SDOA differs in how this transition is scheduled. Rather than using
one time-varying coefficient or a small set of deterministic phases, it assigns each diver independently
according to oxygen. The population can therefore contain globally exploring, moderately exploring,
exploiting, and fine-tuning candidates in the same iteration. Accepted improvements feed back into this
allocation through oxygen recovery.

The best SDOA result does not improve the proven global minimum, nor should it. Its value is
slightly higher because the final continuous coordinates differ in the last digits from the analytical solution.
The relevant evidence is that the method repeatedly identifies the correct discrete thickness pair and
approaches the active volume boundary with small error. The comparison with the known optimum
therefore validates implementation accuracy, while the repeated-run statistics measure reliability. Claims
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of superiority based solely on values below 6059.714335 should be treated cautiously unless their
formulations are demonstrably identical.

From an engineering perspective, the difference between the closest SDOA solution and the proven
optimum is negligible relative to the scale of the cost model. From an algorithmic perspective, however,
those final digits are informative because they distinguish configurations that repeatedly complete the last
stage of refinement from those that only occasionally do so. S7 was selected because it combined small
dispersion, strong rank, and high precision frequency, whereas S9 was retained as evidence that a more
aggressive setting can produce the strongest individual run. This distinction between recommended
configuration and closest isolated design is maintained throughout the interpretation.

4.6 Practical Interpretation and Limitations

The experiment supports three practical conclusions. First, problem-structured repair is essential
for efficient mixed-discrete pressure-vessel search because it enforces the plate increment and
reconstructs volume-feasible geometry before acceptance. Second, the attainable best value is relatively
insensitive to parameter setting once the search budget is adequate; reliability is more sensitive. Third,
stage-usage records are useful diagnostics because they reveal whether a weak configuration spends too
much time in reset or too little time in late refinement.

The study also has limitations. It examines one four-variable benchmark, so the selected
parameters should not be assumed optimal for other constrained problems. Repair uses analytical
knowledge specific to the pressure vessel and therefore contributes to performance independently of
SDOA. The tested settings do not constitute exhaustive parameter optimization. Runtime measurements
are environment specific, and matched seed identifiers do not produce identical random-number streams
when configurations consume different numbers of random values. These limitations do not invalidate the
comparative result, but they restrict its scope to the stated implementation and protocol.

5. CONCLUSION

This paper presented a mixed-discrete pressure-vessel implementation of SDOA and evaluated ten
parameter configurations through 300 independent runs. The algorithm combined oxygen-regulated stage
selection with manufacturing-aware repair, feasibility-first ranking, global-best communication, and
elitism. Every run ended with a feasible design. S7 achieved the best mean rank, the smallest standard
deviation, a mean cost of 6059.766062, and a 73.3% success rate within 0.001% of the proven optimum.
S9 produced the closest individual design at 6059.714482843, only 0.000147794 cost units above the
global minimum.

The statistical analysis confirmed that parameter selection affects repeated-run performance. S7
significantly outperformed six configurations and remained statistically comparable with S5, S8, and S9.
Stage records showed that stronger settings maintained a useful transition from exploration to exploitation
and fine tuning without excessive reset. Future work should evaluate the same SDOA mechanisms on
additional mixed-integer engineering problems, compare generic and problem-specific constraint handling
under equal evaluation budgets, and study adaptive online control of oxygen thresholds and elite size. A
further priority is direct MATLAB replication using reported evaluation counts, hardware specifications,
and open run-level data so that algorithmic and implementation effects can be separated more precisely.
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