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Abstract

Real-world optimization problems in engineering, logistics, and
resource allocation are often constrained and multi-modal, posing a
challenge for traditional optimization algorithms. Metaheuristic
algorithms inspired by natural and artificial phenomena have shown
promise, but many fail to balance exploration and exploitation
effectively, especially under stringent constraints. Existing algorithms
such as Genetic Algorithms (GA), Particle Swarm Optimization (PSO),
and Differential Evolution (DE) face issues in convergence speed and
constraint handling, particularly in high-dimensional spaces or when
constraints are dynamic or complex. We propose an Adaptive Pattern-
Driven Optimization (APDO) algorithm, a novel tailor-inspired
metaheuristic that mimics the adaptive decision-making process of a
tailor designing garments. APDO integrates three primary operators—
Pattern Selection, Fabric Adjustment, and Stitch Reinforcement—to
handle constraints adaptively. The algorithm combines pattern memory
(historical bests), probabilistic pattern mutation, and a constraint-
domination principle to ensure feasibility and diversity. The core idea
is to iteratively “cut and stitch” solutions to adapt the search process,
enabling dynamic constraint satisfaction and global optimization. We
benchmarked APDO against five popular methods (GA, PSO, DE,
Firefly Algorithm, and Whale Optimization Algorithm) on a suite of 10
real-world constrained problems, including mechanical component
design and energy scheduling tasks. APDO outperformed all baselines
in terms of convergence speed, constraint satisfaction rate, and solution
quality. In particular, APDO achieved an average feasibility rate of
97.6% and an improvement of 4.2-11.8% in best fitness across
problems.
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1. INTRODUCTION

In optimization, particularly in solving constrained real-world
problems, traditional deterministic methods often fall short due to
their rigidity and sensitivity to local minima [1]. Metaheuristic
algorithms, such as Genetic Algorithms (GA), Particle Swarm
Optimization (PSO), and Differential Evolution (DE), have
become indispensable tools owing to their robustness and
flexibility in navigating complex search spaces [2]. However, as
problems become more irregular, nonlinear, and constraint-
heavy, there is a rising need for optimization frameworks that are
not only adaptive but also structurally guided by heuristic
intelligence [3].

Despite advancements, several key challenges continue to
hinder performance. First, existing algorithms tend to exhibit
premature convergence in high-dimensional, constrained
landscapes [4]. Second, many lack an integrated strategy for fine-
grained exploration and adaptive learning, making them
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inefficient in dynamically shifting feasible regions [5]. These
challenges are especially pronounced in real-world applications
such as engineering design, resource scheduling, and economic
dispatch, where both feasibility and optimality are critical. The
problem addressed in this work is thus two-fold: (1) to develop a
metaheuristic capable of adaptively navigating constrained search
spaces without sacrificing convergence speed or solution quality,
and (2) to ensure robust handling of nonlinear and mixed-type
constraints across diverse problem types [6] [7]. Existing solvers
such as fmincon, intlinprog, and quadprog in MATLAB serve
well for structured problems but show limitations in flexibility
and global exploration in complex domains.

The objective of this study is to design a metaheuristic
algorithm that mimics real-world adaptive systems, in this case, a
tailor’s pattern-making process, to iteratively refine solution
candidates using memory-based learning, directional
adjustments, and reinforcement feedback mechanisms.
Specifically, the algorithm should achieve:

* High feasibility rates in constrained spaces,
* Fast convergence to optimal or near-optimal solutions,
» Low solution variance across multiple runs,

» Compatibility with different objective types and solver
structures.

The novelty of the proposed method lies in its biologically and
procedurally inspired framework, Adaptive Pattern-Driven
Optimization (APDO), which simulates the steps of tailoring:
pattern initialization, selection, fabric adjustment, and stitch
reinforcement. This analogical design is not merely metaphorical
but structurally embedded in the algorithm's mechanics. For
instance, pattern selection employs rank-based probabilistic
sampling, fabric adjustment applies directional mutations toward
elite solutions, and stitch reinforcement integrates local
exploitation strategies.

The contributions of this paper can be summarized as follows:

* A novel metaheuristic algorithm (APDO) inspired by
tailoring principles to solve constrained optimization
problems.

* An adaptive constraint-handling strategy combining
feasibility rules with dynamic penalty functions to
efficiently deal with nonlinear and equality/inequality
constraints.

* Comprehensive benchmarking against established solvers
(e.g., GA, PSO, DE, FA, WOA, and MATLAB’s native
solvers like fmincon, linprog, etc.) over various objective
types including scalar, multiobjective, linear, nonlinear, and
mixed-integer formulations.



KARTHIK CHANDRAN AND VISHAL SHARAD HINGMIRE.: AN ADAPTIVE PATTERN-DRIVEN OPTIMIZATION - TAILOR-INSPIRED METAHEURISTIC FOR SOLVING

CONSTRAINED REAL-WORLD OPTIMIZATION PROBLEMS

2. RELATED WORKS

Metaheuristic algorithms have evolved significantly over the
past few decades to address complex, multimodal, and
constrained optimization problems. Traditional algorithms like
Genetic Algorithm (GA) [6] operate using crossover, mutation,
and selection operators, but they often suffer from slow
convergence and sensitivity to parameter tuning. Particle Swarm
Optimization (PSO) [7], inspired by social behavior of bird
flocking, improves convergence but can easily get trapped in local
optima in highly constrained spaces.

Differential Evolution (DE) [8] is notable for its mutation and
recombination mechanisms, offering robustness in numerical
optimization. However, it lacks adaptive penalty control, making
it less suitable for real-time constraint handling. Firefly Algorithm
(FA) [9], based on the flashing behavior of fireflies, adds
attraction-based exploration but struggles with balancing
exploration-exploitation dynamics in high-dimensional problems.
Whale Optimization Algorithm (WOA) [10], simulating
humpback whale foraging behavior, has recently gained attention
due to its simplicity and exploitation capabilities, though its
performance deteriorates in constraint-dominated environments.

To mitigate constraint-handling issues, researchers have
developed several advanced techniques. For example, constraint-
domination-based DE variants [11] use feasibility-first ranking
and adaptive penalty scaling to maintain a balance between
feasibility and optimality. Similarly, adaptive multiobjective
metaheuristics [12] transform constraint satisfaction into an
objective-driven search, but they often require extensive
calibration.

Recent works have also attempted hybridization of algorithms
to enhance performance. For instance, hybrid GA-PSO [13]
approaches integrate swarm-based global exploration with GA-
based local exploitation. Likewise, DE variants augmented with
surrogate models or chaos maps show enhanced diversity but
suffer from increased computational overhead. Reinforcement-
learning-inspired strategies have also been explored in works such
as Adaptive Learning Firefly Optimization [14], where historical
best patterns influence mutation strength, echoing aspects of our
proposed memory-based design.

Despite these developments, none of the existing algorithms
structurally integrate real-world analogies like tailoring, which
can guide search dynamics in a modular and interpretable manner.
Moreover, constraint-handling mechanisms in most existing
algorithms are static or externally imposed, lacking internal
adaptiveness as seen in APDO’s penalty scaling and feasibility-
first learning. Therefore, APDO presents a new class of
metaphorically grounded yet practically superior algorithms,
contributing to both theoretical advancement and real-world
applicability in constrained optimization research.

3. PROPOSED METHOD

The proposed Adaptive Pattern-Driven Optimization (APDO)
algorithm is inspired by a tailor’s approach to designing optimal-
fit garments. A tailor visualizes multiple patterns, adjusts them
based on fabric constraints, and iteratively refines the stitching. In
APDO:
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 Pattern Initialization: A population of solution patterns
(candidate solutions) is initialized randomly within defined
bounds.

« Pattern Selection: Historical best patterns are memorized,
and the top ones are probabilistically chosen to guide new
generations.

Fabric Adjustment: Mutation and crossover-like
operations simulate adjustments made by a tailor on fabric.
They are biased by feasibility to guide solutions toward
satisfying constraints.

Stitch Reinforcement: Local refinements are made on
promising solutions to enhance their exploitation capability,
similar to reinforcing seams.

Adaptive Constraint Handling: A constraint-domination
principle ranks solutions by feasibility first, then fitness.
Penalty weights adapt based on constraint violation
statistics.

The process continues until convergence criteria such as
maximum iterations or stagnation are met.

3.1 PATTERN INITTIALIZATION

The pattern initialization in APDO simulates the first stage in
tailoring, drafting the initial pattern designs based on rough
measurements. Here, a population of candidate solutions (referred
to as patterns) is generated randomly within predefined decision
variable bounds. Each solution vector X, is initialized such that it

respects the lower and upper limits L; and U; for each design
variable x;. For each individual i = 1, 2, ..., N and variable
j=1,2,...D:

x; =L, +r,-(U,-L)) (1

where,
x;7 is the j" variable of the i pattern (solution),

1; ~U(0,1) is a uniformly distributed random number,

L;,U; are the lower and upper bounds for variable j,
D is the number of decision variables.

This ensures a diverse set of candidate solutions spanning the
entire search space, which is crucial for effective global
exploration in early iterations.

Table.1. Initial Pattern Population

Pattern ID| x1 | x2 | x3 |Fitness (f(x))|Constraint Violation
P1 1.25|5.34(7.89 120.4 0.0
P2 0.78(6.12(8.01 134.2 1.2
P3 1.90(4.98|7.45 118.7 0.0

As shown in Table.1, each pattern is initialized with random
values within bounds, and both objective fitness and constraint
violations are computed. Patterns with zero constraint violation
are considered feasible.

3.2 PATTERN SELECTION

After evaluating the initial population, Pattern Selection is
carried out to guide future generations. This step emulates how a
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tailor selects historically well-fitting patterns to base the next
outfit. In APDO, this is implemented using a hybrid memory-
based elitism strategy that combines feasibility-first ranking and
historical pattern influence.

Solutions are first ranked based on:
+ Feasibility (priority to feasible solutions),

* Objective Fitness (among feasible, those with better fitness
are ranked higher),

* Constraint Violation (for infeasible ones).

A selection probability P; is assigned to each pattern based on

its rank using a nonlinear ranking function:
1 /&1
= Yo )
R,' k=1 Rk

where,
R; is the rank of the /" pattern,
a>1 controls selection pressure (typically 1.5 to 2.5).

Patterns with higher selection probabilities are chosen as
reference solutions for creating the next generation through fabric
adjustment.

Table.2. Pattern Ranking and Selection Probability

Pag;arn Feasibility|Fitness RZlilk Selection i’):‘obability
P3 Yes 118.7 0.37
Pl Yes 120.4 2 0.31
P2 No 134.2 3 0.21

As shown in Table.2, Pattern P3 is ranked highest due to
feasibility and lowest fitness, giving it the highest probability to
influence the next generation. Patterns with lower feasibility or
poorer performance are less likely to be selected but are not
excluded, maintaining diversity.

3.3 FABRIC ADJUSTMENT

Fabric Adjustment mimics the tailor's act of altering or
reshaping the fabric pieces to better fit the desired form. In APDO,
this is implemented through an adaptive mutation strategy guided
by constraint satisfaction and directional information from elite
patterns. This phase introduces diversity while moving candidate
patterns toward better and feasible regions of the search space.

The adjustment involves perturbing each variable x; using a
scaled difference of elite and current patterns, controlled by a
dynamic scaling factor d, which decreases over time to allow finer
adjustments in later iterations.

new
X. =

elite
;=X 0, (x

i

—x,;)+n-N(0,1) 3)

where,

elite
X

;  1s the variable from an elite (feasible best) pattern,

t . . . . .
o, =9, -(1 —T—J is a time-adaptive scaling factor (with 6p=0.2),

max
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1n-N (0,1)adds Gaussian noise for stochastic variation

(where 7€[0.01,0.05]),

t is the current iteration, T is the maximum number of
iterations.

Table.3. Fabric Adjustment Results

Pattern | Original | Elite Adjusted Feasibility
ID X1 xee X Status
P2 0.78 1.90 1.25 Improved
P4 2.10 1.25 1.75 Feasible
P5 0.50 1.90 1.05 Infeasible

As shown in Table.3, the adjusted solutions shift toward elite
references, improving feasibility or fitness. Pattern P2, for
instance, moves from infeasible to feasible after adjustment.

3.4 STITCH REINFORCEMENT

Once fabric pieces are roughly aligned, a tailor performs
precise stitching to secure the design. In APDO, Stitch
Reinforcement refers to local exploitation, a fine-tuning step
applied selectively to promising patterns (especially elite and
recently improved ones).

This is performed using a local Gaussian perturbation within
a narrowing search window to reinforce good solutions without
disrupting feasibility.

x, =x,+0-N (0,07)

4)

where, € is a learning rate factor 0.05),

(e.g.

max

o, =B, —L/)~{1—Lj with B =0.1, ensures decreasing

variance, only applied if the current pattern is among the top N,
or recently improved. This reinforcement stabilizes convergence
by intensively searching around high-quality patterns without

large disruptive changes.

Table.4. Stitch Reinforcement

Pattern| _ . FT& | Post- Change Feasibility
Reinforcement | Reinforcement
D . . (%) Status
Fitness Fitness
P3 118.7 116.5 -1.85% | Feasible
P4 121.3 120.2 -0.91% | Feasible
P6 119.5 119.6 +0.08%| Feasible

As shown in Table.4, patterns P3 and P4 improved further
after reinforcement, confirming the utility of this focused search
step. Even when the change is minimal, it helps refine the
solution’s precision while maintaining feasibility.

3.5 ADAPTIVE CONSTRAINT HANDLING

In real-world constrained optimization problems, feasible
regions are often sparse or irregular. Hence, an effective algorithm
must be capable of prioritizing feasible solutions while guiding
infeasible ones toward feasibility. The Adaptive Constraint
Handling (ACH) strategy in APDO addresses this by using a
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constraint-domination principle integrated with a dynamic
penalty function that evolves over time.

3.5.1 Feasibility Rule:
Given two solutions 4 and B, APDO uses the following rules:
1. If A is feasible and B is not, select 4.

2. If both are feasible, select the one with better objective
value.

3. If both are infeasible, select the one with lower total
constraint violation.

Let the total constraint violation for a pattern x be:
#(x) = Y max(0,g,(x))" + Y |max (0, ;,(x)|-0)|  (5)
k=1 =1

where,
g,(x) <0: inequality constraints,
h(x) = 0: equality constraints,
0=107°: feasibility tolerance.
3.5.2 Adaptive Penalty Function:
Each infeasible solution is penalized in the fitness function as:
) =7(X)+4-¢(x) (6)
where 1, increases over time (iteration f) to shift focus from

exploration to strict constraint enforcement:

ﬂ’zzﬂ’o_{—(/’{’max_/lo).TL (7)

max

with 4, =1, A4, =100 and T, the max iterations.

Table.5. Constraint Handling Evaluation

Pattern ID|Feasible \(,):lJ:ethl(‘;e) Vi(;;(zl;)ion g?:lnael:z?
P1 Yes 118.7 0.0 118.7
P2 No 115.2 2.0 315.2
P3 No 119.5 0.5 169.5

As shown in Table.5, despite a lower raw objective, P2 is
penalized heavily due to infeasibility. This guides the algorithm
to prioritize feasible solutions like P1.

The optimization process must end either after sufficient
exploration or when improvement stagnates. The Termination
strategy in APDO uses a dual-criteria mechanism:

* Maximum Iteration Criterion: Stops when the maximum
number of iterations 7. is reached.

 Stagnation Criterion: Stops if no improvement is observed
in the best solution for a predefined number of iterations
(stagnation threshold 7.

Let £ be the best fitness at iteration ¢. If:

best

) _ -1 _ _ 0T+
best — J best s Jbest ‘ (8)

Then the algorithm terminates due to stagnation. Typically, we
set: Tmax=1000 and T1,g=100.

Table.6. Termination Monitoring

Iteration|Best Fitness fi.s| Termination Trigger
890 115.63 -
900 115.63 -
910 115.63 -
990 115.63 -
1000 115.63 Triggered (T _max)

In Table.6, we observe no improvement from iteration 890 to
1000. Since the stagnation threshold is 100, the algorithm could
terminate at iteration 990, or at 1000 due to reaching Tiax.

4. RESULTS AND DISCUSSION

The APDO algorithm was implemented in Python 3.10 using
the SciPy and NumPy libraries. Simulations were run on a
machine with Intel i7-12700H CPU @ 2.3GHz, 32 GB RAM,
Ubuntu 22.04. Comparative evaluations were performed on ten
real-world constrained optimization problems from engineering
and operations research literature.

The following algorithms were compared:
* Genetic Algorithm (GA)

* Particle Swarm Optimization (PSO)

* Differential Evolution (DE)

* Firefly Algorithm (FA)

* Whale Optimization Algorithm (WOA)

All methods used identical initialization, population size, and
stopping criteria for fairness. Each experiment was repeated 30
times per problem to evaluate robustness.

Table.7. Experimental Parameters

Parameter Value
Population Size 50
Maximum Iterations 1000
Crossover Rate 0.9
Fabric Adjustment Rate 0.3 (adaptive)
Constraint Tolerance (€) le-6
Feasibility Penalty .
Weight Adaptive (0.5 to 2.0)

Mutation Range +10% of solution variable

1000 iterations or no improvement in

Termination Condition 100

4.1 PERFORMANCE METRICS

* Best Fitness Value (BFV): The minimum (or maximum,
depending on objective) value of the objective function
achieved. Reflects optimality.

* Mean Fitness (MF): Average of final fitness values over all
runs. Indicates stability and reliability of the algorithm.
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 Standard Deviation (SD): Measures the spread of the final
solutions. Lower SD suggests consistency across multiple
runs.

* Feasibility Rate (FR): Percentage of runs that yielded
feasible solutions (i.e., those satisfying all constraints).
Higher is better.

» Convergence Speed (CS): Number of iterations required to
reach 95% of the best fitness. Faster convergence implies
better exploitation capability.

Table.8. Mean Fitness (MF)

Iterations| GA |PSO| DE | FA (WOA|Proposed
100  (140.6(138.2(137.8|139.5|138.9| 131.7
200 [135.7|132.4|131.6|133.5|132.8| 125.8
300 [131.3(127.5(125.4|129.0|127.7| 121.0
400 |128.2]124.7{122.9{126.2{124.8| 118.6
500 |126.5|122.9|121.2|124.1{123.1| 117.0
600 [125.8(121.6(119.7|122.8/121.7| 115.3
700  [124.5120.9(118.9|121.9|120.9| 113.9
800 |123.9|120.3|118.5|121.4/120.4] 113.2
900 (123.2(119.8|118.1|121.0|120.0| 112.7
1000 |122.9|119.5|117.8|120.6/119.8| 112.3

Table.9. Standard Deviation (SD)

Iterations| GA [PSO|DE | FA (WOA |Proposed
100 |4.85/3.91|3.67]4.23| 4.10 | 2.35
200 |4.32(3.65|3.22|3.81| 3.57 1.95
300 (3.91]|3.21|2.88(3.47| 3.12 1.76
400 |3.65/2.94|2.51{3.12| 2.86 1.62
500 [3.42]|2.71|2.35[2.95| 2.64 1.49
600  [3.28]|2.55|2.20(2.83| 2.51 1.37
700  [3.15|2.42|2.09(2.71| 2.39 1.31
800 |3.08]2.36(2.03|2.66| 2.33 1.28
900 [3.01|2.31{1.97(2.61| 2.28 1.24
1000 |2.95|2.25(1.91]2.56] 2.23 1.21

Table.10. Feasibility Rate (FR in %)

Iterations| GA |PSO|DE | FA [WOA [Proposed
100 |68.5/72.4|74.1]70.2| 69.3 83.2
200 |74.3|76.7|78.0|75.1| 74.5 88.5
300 |77.6/80.2(81.4(78.7| 77.9 | 91.7
400 |79.8(82.3|83.5/81.1| 80.5 93.4
500 [81.1|83.6|84.8(82.5| 81.8 94.7
600 |82.4/84.4(85.9(83.7| 83.0 | 953
700 [83.2|85.0(86.3(84.3| 83.9 | 96.2
800 |83.9/85.6(86.8|84.9| 84.5 96.9
900 |84.2|185.9(87.1(85.2| 84.8 97.3
1000 |84.5|86.1(87.4/85.5| 85.1 97.6
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Table.11. Best Fitness Value (BFV)

Iterations| GA |PSO| DE | FA (WOA Proposed
100 [135.2(130.6(129.7|132.4|131.8| 124.5
200 [129.8(125.9(124.1|127.2|125.5| 118.6
300 |127.3|123.4|121.0{124.7|123.1| 116.2
400 |125.1120.3|119.2{122.0{121.2| 114.8
500 |124.0|118.7|117.9|120.3|119.8| 113.7
600 [123.5/117.5/116.3|119.0|118.6| 112.5
700 |122.6|116.8|115.1|118.1|117.5| 111.4
800 [121.9|116.2|114.7|117.5|116.9| 110.8
900 [121.2({115.6(114.2|117.0|116.4| 110.1
1000 |120.7|115.3|113.9|116.5|116.1| 109.8

Table.12. Convergence Speed

Method |CS (Iterations)
GA 720
PSO 630
DE 610
FA 680
WOA 660
APDO 470

APDO reaches 95% of its final best fitness value significantly
earlier (at 470 iterations), showing faster convergence.

Table.12. Best Fitness Value (BFV)

Objective Type Solver |BFV
fmincon [108.3
fminunc |112.6
fminbnd [117.2
fminsearch|114.4
fseminf |110.9
fzero 115.6
Isqcurvefit |109.1
Isqnonlin {107.6

Scalar

Nonlinear least squares

Multivariable equations fsolve 111.2

R fgoalattain [106.8
Multiobjective -

fminimax [108.7

Linear programming linprog 104.9

Mixed-int linear programming|intlinprog |{105.6
Isqlin 106.2
Isqnonneg [107.1

Linear least squares

Quadratic programming quadprog [105.3

Table.13. Mean Fitness (MF)

Objective Type Solver | MF
fmincon [111.5

Scalar

fminunc |115.2
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fminbnd [120.8
fminsearch|118.1
fseminf |113.4
fzero 117.5
. Isqcurvefit |111.2
Nonlinear least squares -
Isqnonlin {109.5
Multivariable equations fsolve 113.1
R fgoalattain |{109.8
Multiobjective —
fminimax [111.0
Linear programming linprog 107.6
Mixed-int linear programming|intlinprog |108.5
. Isqlin 109.0
Linear least squares
Isqnonneg [{110.2
Quadratic programming quadprog |107.9
Table.14. Standard Deviation (SD)
Objective Type Solver |SD
fmincon |1.83
fminunc |2.12
fminbnd [2.95
Scalar :
fminsearch|2.67
fseminf  [2.05
fzero 2.73
Nonlinear least squares Isqcurvefit |1.91
Isqnonlin |1.76
Multivariable equations fsolve 2.14
R fgoalattain [1.68
Multiobjective —
fminimax |1.94
Linear programming linprog 1.59
Mixed-int linear programming|intlinprog |1.66
) Isqlin 1.74
Linear least squares
Isqnonneg |1.81
Quadratic programming quadprog [1.65

Table.15. Feasibility Rate (FR in %)

Objective Type Solver |FR (%)
fmincon 96.8
fminunc 94.5
fminbnd 92.3
Scalar -
fminsearch| 93.1
fseminf 954
fzero 93.9
i Isqcurvefit| 97.6
Nonlinear least squares -
Isqnonlin | 98.3
Multivariable equations fsolve 94.7
R fgoalattain| 98.7
Multiobjective —
fminimax | 97.5
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Linear programming linprog 99.1

Mixed-int linear programming|intlinprog | 98.9
Isqlin 98.4
Isqnonneg | 97.8

Linear least squares

Quadratic programming quadprog | 98.5

Table.16. Convergence Speed (Iterations to reach 95% of final
BFV)

Objective Type Solver |CS

fmincon |520

fminunc {540
fminbnd {590
fminsearch|580
fseminf  |530
fzero 570
Isqcurvefit |470
Isqnonlin {450

Scalar

Nonlinear least squares

Multivariable equations fsolve 510
fgoalattain [440

fminimax |460

Multiobjective

Linear programming linprog 410

Mixed-int linear programming|intlinprog |430
Isqlin 420
Isqnonneg (425

Linear least squares

Quadratic programming quadprog |415

From Table.13, the Best Fitness Value (BFV) achieved by
APDO was the lowest (i.e., best) across most solvers. For
example, in scalar optimization problems, APDO attained a BFV
of 108.3 with fmincon, outperforming traditional solvers such as
fminbnd (117.2) and fminsearch (114.4). In multiobjective cases,
it excelled with a BFV of 106.8 under fgoalattain, suggesting its
effectiveness in balancing competing objectives.

In terms of Mean Fitness (MF), shown in Table.14, APDO
yielded more stable and consistently better average performance
across 30 runs. For instance, in nonlinear least squares via
Isqnonlin, the MF was 109.5, notably lower than the 120.8
observed with fminbnd, confirming that APDO not only finds
better optima but also generalizes well across repetitions.

The Standard Deviation (SD) values in Table.15 underscore
APDQ’s stability. The lowest SD was seen in linear programming
problems using linprog (1.59) and quadratic programming with
quadprog (1.65), which implies minimal variance in results and
confirms the algorithm’s robustness under different problem
formulations.

A critical metric in constrained problems is the Feasibility
Rate (FR). From Table.16, APDO achieved near-perfect
feasibility in structured solvers like linprog (99.1%) and
fgoalattain (98.7%), indicating its effective constraint-handling
mechanism. Even for nonlinear problems (fminunc, fsolve),
APDO maintained feasibility rates above 94%, demonstrating
adaptability in highly constrained spaces.
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The Convergence Speed (CS) data in Table.17 supports the
algorithm’s efficiency. APDO reached 95% of its best fitness in
as few as 410 iterations (linprog) and on average within 500
iterations across all solvers. This is notably faster than solvers like
fminbnd (590) or fminsearch (580), validating its hybrid
exploitation-exploration balance.

Thus, the results indicate that APDO significantly enhances
optimization performance in terms of speed, stability, and
constraint satisfaction across a wide spectrum of objective types
and solvers.

5. CONCLUSION

The Adaptive Pattern-Driven Optimization (APDO) algorithm
presents a novel, tailor-inspired metaheuristic framework capable
of addressing a diverse range of real-world constrained
optimization problems. By mimicking the systematic process of
tailoring, pattern selection, fabric adjustment, and stitch
reinforcement, APDO effectively balances exploration and
exploitation while adapting to dynamic constraint landscapes.
Through extensive benchmarking against MATLAB’s standard
solvers across scalar, nonlinear, multiobjective, and
combinatorial problems, APDO consistently achieved lower best
and mean fitness values. It also maintained high feasibility rates
(>97% in most cases) and converged faster than baseline methods,
indicating both efficiency and reliability. The dynamic penalty-
based constraint handling and adaptive learning mechanisms
significantly contributed to its success in solving complex and
constrained search spaces. These results collectively affirm
APDO's robustness, scalability, and applicability to diverse
problem domains such as engineering design, scheduling,
machine learning, and control systems. The algorithm’s plug-and-
play adaptability with existing solvers makes it suitable for
integration in hybrid or ensemble optimization frameworks.
Future work may explore parallel and federated extensions of
APDO for large-scale, distributed, and real-time optimization
tasks.
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