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ABSTRACT

Dimensional synthesis of multi-loop mechanisms must satisfy loop closure, branch continuity, singularity margin, task coverage
and load transfer requirements. Penalty-based treatment is inefficient for fragmented feasible input domains under limited
evaluations. This study formulates constrained sizing as a two-objective search that minimizes task-coverage error and a
clipped load proxy, while using connected-domain quality as internal guidance. A feasibility- and connected-domain-guided
multi-objective particle swarm optimizer (FCD-MOPSO) is proposed, combining mechanism-aware input-space evaluation,
feasibility-first comparison, connected-domain-guided archive maintenance, mixed leader selection and bounded perturbation.
Under a soft-constrained low-budget protocol, FCD-MOPSO increased the valid-run rate from 0.6 to 0.8 and the high-quality
(HQ) and force-aware HQ rates from 0.1 to 0.4 relative to Basic MOPSO. Search histories showed earlier archive formation and
more consistent coverage accumulation. Representative inverse-dynamics verification showed lower peak force, RMS force,
force-gradient risk and smoothness index than selected Basic MOPSO and PSO representatives. Strict-feasibility diagnosis
identified coverage pressure as the limiting factor. FCD-MOPSO is positioned as a mechanism-aware screening optimizer for
fragmented feasible active-input domains.

Keywords: multi-loop mechanism synthesis, constrained multi-objective optimization, feasible input-domain connectivity,
multi-objective particle swarm optimization, archive maintenance, inverse-dynamics verification

Introduction

Multi-loop and parallel mechanisms are used in robotic manipulators, precision positioning platforms, reconfigurable structures
and compact actuation systems because closed-loop transmission paths can provide high stiffness, high load capacity and
compact force flow. Their dimensional synthesis is more constrained than that of open-chain mechanisms. For a fixed topology,
the attainable output set is jointly determined by active inputs, loop-closure equations, passive-branch selection, assembly limits
and singular configurations. Singularity analysis based on constraint equations and Jacobian properties has therefore become a
basic tool for closed-loop mechanism evaluation, together with condition-number indices, global performance measures and
singularity-free workspace descriptions'=.

In mechanism synthesis, difficulty arises from both the number of design variables and the discontinuous mapping between
dimensions, active inputs and feasible outputs. A small change in link length can remove a closure solution, switch an assembly
branch or move a trajectory close to a singular boundary. Classical manipulability and Jacobian-based indices provide local
performance information®, whereas task-envelope synthesis additionally requires global reasoning over a finite input domain
and over the reachable output set. For compact morphing or reconfigurable mechanisms, this distinction is important because
the design must maintain continuous operation over a mission envelope rather than only satisfying isolated precision poses.

Dimensional synthesis of parallel mechanisms has been studied through workspace, dexterity, stiffness, velocity transmis-
sion, force transmission and dynamic-performance criteria. Representative studies include well-shaped workspace design for
two-degree-of-freedom planar parallel manipulators’, prescribed-workspace optimization for spherical parallel manipulators®,
multi-objective dimensional design of linear Delta robots’, and kinematic-dynamic dexterity optimization of spherical parallel
mechanisms!'®. More recent work has extended this line to artificial-intelligence-based manipulator design, general 6-PUS paral-
lel manipulators, performance-optimization reviews, double-driven parallel mechanisms, parallel-serial architectures and bilevel
or hierarchical dimensional synthesis''~!7. Mechanisms with sub-closed loops, double-driven chains and redundant closed-loop
structures further increase the difficulty of kinematic modeling, error propagation and multi-objective optimization'8-20.



These studies reveal a common computational structure. The dimensional variables are optimized outside the inner
kinematic and dynamic solvers, so each candidate design must be evaluated by an expensive numerical pipeline. The pipeline
may include loop-closure solution, workspace sampling, condition-number calculation, force transmission estimation, dynamic
checking and engineering screening. Such a pipeline is compatible with population-based optimization, but it makes each
function evaluation valuable. A low-budget algorithm therefore needs to use intermediate mechanism information more
effectively than a black-box objective value alone.

Particle swarm optimization (PSO), genetic algorithms and multi-objective evolutionary algorithms have been widely
adopted for non-convex, non-differentiable and multimodal engineering design problems. PSO updates particles through
individual and social learning terms?’:?2. NSGA-II introduced fast non-dominated sorting, crowding distance and elitist
preservation®. Multi-objective particle swarm optimization (MOPSO) introduced Pareto dominance and an external archive
into PSO, enabling archive-based leader selection for multi-objective search>*23. Subsequent studies have improved MOPSO
through archive maintenance, leader selection, adaptive parameters, mutation or perturbation, diversity preservation and
constraint handling®®3!. Recent Scientific Reports studies also show that archive-guided mutation, angular segmentation,
dynamic updating and hierarchical reference-point maintenance remain active directions for MOPSO development®>—34.

For constrained multi-objective optimization, two issues are especially relevant here. First, constraint handling must
determine whether an infeasible point with promising objective values should be retained, repaired or discarded®*=!. Second,
the quality of an approximate Pareto set is usually judged through convergence and diversity indicators such as hypervolume?>-3°.
In a mechanism-derived problem, however, an objective-space non-dominated point can still correspond to an input-space
domain that is fragmented, branch-discontinuous or close to singularity. Objective-space indicators should therefore be
complemented by mechanism-domain indicators when the optimizer is used for dimensional synthesis.

This behavior is particularly harmful in archive-based MOPSO. The archive records final solutions and supplies the leaders
used in subsequent particle updates. Once invalid or weakly connected candidates influence the archive, the social learning
term may repeatedly pull particles toward regions that look acceptable in objective space but are difficult to execute in the
active-input space. A more appropriate strategy is to let the input-domain state map influence candidate comparison, archive
truncation and leader selection directly.

This study proposes feasibility- and connected-domain-guided multi-objective particle swarm optimization (FCD-MOPSO)
for mechanism-derived constrained synthesis problems. The method keeps the basic MOPSO movement equations but embeds
feasible-input ratio, largest connected-component ratio, task-envelope coverage, path-connectivity information and load-proxy
risk into particle evaluation, personal-best updating, archive maintenance and leader selection. The contribution is threefold.
First, a constrained bi-objective sizing formulation is established for task-envelope coverage error and clipped load-proxy
minimization while retaining connected-domain quality as a search-guidance metric. Second, a mechanism-aware FCD-
MOPSO framework is developed by combining feasibility-first hierarchical comparison, adaptive soft-constraint weighting,
connected-domain-guided archive maintenance, mixed leader selection and local perturbation. Third, the method is evaluated
through a mechanism-derived constrained benchmark, input-domain risk diagnosis, neighboring stress settings, ablation analysis
and representative inverse-dynamics verification. The experimental interpretation is deliberately restricted to soft-constrained
low-budget search stability and representative engineering-risk reduction, so strict-feasibility certification is not claimed from
the low-budget diagnostic protocol.

The remainder of the article is organized as follows. The Methods section defines the mechanism-derived constrained sizing
model, the FCD-MOPSO workflow, the archive and leader strategies, and the verification protocol. The Results section reports
input-domain diagnosis, low-budget benchmark comparisons, stress-setting behavior, ablation results and representative inverse-
dynamics verification. The Discussion interprets the scope and limitations of the evidence, and the Conclusion summarizes the
final findings.

Methods

Overall FCD-MOPSO workflow
The proposed framework uses the same particle-position, velocity, personal-best and archive concepts as Basic MOPSO,
but changes the information passed through these objects. Figure 1 summarizes the complete search loop and the following
subsections formalize its components. Each particle is treated as a dimension vector. It is evaluated by scanning the active-input
space, solving the loop-closure equations, classifying input samples and computing mechanism-domain descriptors. These
descriptors are then used in three algorithmic decisions: feasibility-first comparison for personal-best updating, connected-
domain-guided archive retention, and mixed connected-domain/diversity leader selection. Local perturbation is applied around
promising candidates to improve sampling near narrow feasible-domain boundaries.

Mechanism-aware evaluation forms the front-end stage of the method (Fig. 2). A candidate design is not judged only by
the final objective vector. Instead, the active-input grid is scanned to determine loop-closure solvability, geometric validity,
branch continuity, singularity risk, usable connected components and load-proxy distribution. This state map is converted into
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Core mechanisms of FCD-MOPSO
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Figure 1. Core mechanisms of FCD-MOPSO.

hard violation score V,, soft violation score V;, task coverage Cy4, largest connected-component ratio R, path-connectivity
descriptor Ry and connected-domain quality Q.. The distinction between hard and soft violations is important: loop-closure
failure or invalid geometry prevents meaningful objective interpretation, whereas moderate coverage shortage or near-boundary
singularity margin can still guide the search under a stress-test protocol.

The archive and leader strategy is shown in Fig. 3. Ordinary non-dominated sorting is retained, but candidate retention is no
longer determined by objective-space crowding alone. Archive points with higher connected-domain quality are protected after
hard-infeasible and penalty-contaminated candidates have been filtered. The leader used by a particle alternates between a
diversity leader and a connected-domain leader. This design reduces the probability that the social term repeatedly pulls the
swarm toward an objective-space attractive but input-space fragmented region.
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Mechanism-derived constrained sizing model
For a fixed mechanism topology, the design vector is denoted by

p=I[pi.p2-...pd" € P, (1

where & = [pb, Pub) is the dimensional design box. The variables may represent link lengths, offsets or actuator-installation
parameters depending on the fixed topology. During optimization, the topology is fixed; only the dimensional parameters are
varied. This separation is useful because topology design and dimensional synthesis usually require different modeling and
validation procedures.

The active input vector is

q=[q1,9)" €Q,. )

For each candidate design and input, passive coordinates or internal configuration variables x are obtained from the loop-closure
equation

®(x,p.q) =0. 3)

A solution is accepted only when the numerical residual is below the prescribed tolerance, the solution remains on the tracked
assembly branch and all geometric limits are satisfied. Branch continuity is checked over neighboring input samples. Isolated
valid samples that cannot be connected through neighboring usable samples are therefore distinguished from a continuously
executable operating region.

Loop-closure failure, invalid geometry, invalid output, branch discontinuity and severe singularity risk mark an input sample
as unusable. The effective mechanism workspace in the active-input representation is defined as

Qeemw (p) = {q € Qgrid | ®(x,p,q) =0, valid, continuous, non-singular}. “4)

On the discrete input grid, Qecmw is decomposed into connected components. The feasible-sample ratio and largest connected-
component ratio are

|Qecmw (P)| |Cinax (P)|
Re(p) = — g Re(p)="— 7> (5)
Q5™ Q5™

where .y is the largest usable connected component. The path-connectivity descriptor Ry, is computed as the fraction of
prescribed operating-region pairs that remain connected within %p,«. Thus, a design can have a reasonable feasible-sample
ratio but a poor Ry, if the usable samples are split into disconnected islands.

The task output is denoted by y(p,q). In the investigated mechanism, the optimization target is based on coverage in the
sweep-angle-area task plane. With target task envelope Qr, the coverage metric is

Nocc (HXA [Qu (P)] N -QT)
Ngrid (QT) ’

Cra(p) = (6)

where ,(p) = {y(P,q) | 9 € Qecmw (P)}, ITy4 is the projection onto the sweep-angle-area plane and Ny, counts occupied
target-envelope grid cells.
Connected-domain quality is used as an internal search-guidance score:

0c(p) = NRe(p) + NeRe(P) + My Coa (B) + MpRoatn (P), M+ e+ My +1p = 1, %)

where hats denote min-max normalized quantities under the same evaluation protocol. The weights 1¢, 7,7y and 7, are fixed
across all compared algorithms. Treating Q. as a guidance descriptor rather than as a third objective prevents the Pareto relation
from retaining weak-coverage or high-load candidates solely because their connectivity score is favorable.

A reduced-coordinate quasi-static load proxy is computed from the task-space load w and the reduced task Jacobian J,,
evaluated after loop-closure constraints have been satisfied:

Tproxy = wa (8)
The normalized load metric is clipped to reduce domination by extreme penalty values:

Lclip (P) = min{Lnorm(p)aLmax}~ C))
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The bi-objective optimization model is

_ _ [1=Cua(p)
[I};%F(P)—[ Leiip(p) } .

Hard and soft violation scores are separated. In the implemented comparison, hard violations aggregate non-negotiable
failures,

W (P) = Nfail + Ngeom + Nout + Mnan, an
where the terms count loop-closure failure, geometric invalidity, output invalidity and numerical failure on the input grid. The
unweighted soft-violation score is written as

Vso (p) = Py [C)[gn/ixn - CxA} N +Pec [Rfcnin - RC} N +Pp [Rggfh - Rpath} N +Po {Gmin - Gmin] N + P [Lnorm — Lsoft]Jr ;o (12)

where [z]+ = max(z,0), Omin denotes the minimum singularity margin over usable samples and p. are fixed normalization
weights. The adaptive score used in comparison is

Vi(p.1) = 2(1)V(p), (13)

where A(¢) is a prescribed non-negative schedule. This equation states explicitly how the adaptive soft-constraint weight enters
personal-best comparison and archive filtering.

FCD-MOPSO algorithm
FCD-MOPSO keeps the particle position, velocity, personal-best and external-archive structure of MOPSO. Particle velocity
and position are updated by

Vil = wvi +ciri (pbest] — p) + cara (g — p)), (14)

pi ! = clip(p} + V™', pib, Pub)- (15)

The mechanism-aware evaluation of a particle returns

& (pirt) = {F(pi), Va (i), Vs(pis1), Qc(Pi) }- (16)

Candidate comparison is hierarchical: lower V;, is preferred first, lower V; second, Pareto dominance third, and Q. or objective-
space diversity is used as the final tie-breaker.

Archive maintenance merges the current archive and evaluated candidate set, removes hard-infeasible and penalty-
contaminated candidates, and extracts the non-dominated set. If the archive exceeds its predefined size, the retention score is

Y = wDﬁcrowd,k + wQQVc,k7 wp+wp =1, (17

where 5crowd and ch. are normalized crowding distance and connected-domain quality. The candidate with the smallest score is
removed until the archive-size limit is satisfied. This score is applied only after infeasible and penalty-contaminated candidates
have been filtered; it cannot retain hard-infeasible candidates.

Leader selection uses a mixed strategy. Let g; denote a diversity leader selected by crowding or objective-space diversity,
and let g, denote a connected-domain leader selected according to Q.. The leader for particle i is

cs <o),

i)=& "< ). (18)
g, r=a(r),

Local perturbation is applied near promising candidates by

P; =Pi+ €0 (Pub—Pi), €~U(—s,s), (19)

followed by boundary repair. No algorithm uses high-fidelity inverse-dynamics information during optimization; inverse-
dynamics data are reserved for post-verification.
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Algorithm 1. Overall procedure of FCD-MOPSO

Input: design bounds pjp, pyp, input domain Q, target envelope 7, swarm size N, archive size N4, maximum evaluation budget
NF Emax.
Output: external archive .« and representative solution set 5’@.

1 Initialize particle positions {p;}Y ; and velocities {v;}?' | within the design bounds.
2 Evaluate all particles by the mechanism-aware evaluation procedure.
3 SetNFE <+ N, Peang + {pi}Y., and pbest; + p;.
4 Construct the initial archive .27 <~ UPDATEARCHIVE(D, Zcand,Na ).
5  Setiteration counter ¢ <— 0.
6 while NFE < NFE,x do
7 Update A(r) and o(t); set Peyng 0.
8 fori=1to N do
9 Select leader g; < SELECTLEADER (<7, &((1)).
10 Update v; and p; using the PSO equations and boundary repair.
11 Evaluate p;, add it to Z,,q and set NFE < NFE + 1.
12 Update pbest; by feasibility-first comparison.
13 if NFE > NF Eqgx, break.
14 end for

15 Update archive &/ < UPDATEARCHIVE(%, Zcand,Na)-
16 Sett<+1t+1.

17  end while

18  Select representative solutions e, from o7

19  Return &7 and Sep.

Algorithm 2. Feasibility-first comparison and archive update

Feasibility-first comparison(p,,p;)

1 Prefer the candidate with smaller V},.

2 If hard violations are equal, prefer the candidate with smaller V;.

3 If soft violations are equal, apply Pareto dominance on F = [1 — CZA,LCHP]T.

4  If neither candidate dominates, prefer larger Q.; use diversity or random selection only for the final tie.

UpdateArchive(.o/, 2,04, Na)

5  Merge archive and candidate set: & < &7 U Peang-

Remove hard-infeasible and penalty-contaminated candidates from 2.

If % = 0, keep the least-violating candidates as a temporary archive and return.

Extract non-dominated set %q <— ND(%).

While |Zhd| > Na, compute Degowds Qc and Wy, then remove the candidate with the smallest Wy
Return A,q.

[e>RNoRNe IR o)

Inverse-dynamics post-verification
Representative designs are further checked by inverse dynamics after optimization. The verification follows the standard
manipulator dynamics form3’-38

M(q)4 +H(q,q) = T+d, (20)

where q denotes the independent input coordinates after loop-closure reduction, M is the reduced mass matrix, H contains
Coriolis, centrifugal and gravitational terms, 7 is the generalized actuation input and d denotes external-load and disturbance
contributions. The post-verification reports peak force, RMS force, maximum force gradient and a force-smoothness index.
These quantities are not fed back into the optimizer and therefore provide an independent engineering check on the selected
representatives.

Experimental protocol and statistical analysis

All compared algorithms use the same design bounds, input scanning grid, task envelope, loop-closure solver, singularity

criterion and load-proxy calculation. The algorithms are terminated under the same limited evaluation protocol. Repeated

stochastic runs are conducted under a common random protocol; matched-run comparisons are used where appropriate.
Valid rate denotes the proportion of runs that return a non-penalty effective result under the soft-constrained benchmark.

HQ rate denotes the proportion of all repeated runs that return a non-penalty representative satisfying the coverage, connected-

domain and load-proxy quality criteria. Force-aware HQ is a subset of HQ runs and additionally satisfies the force-risk
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condition. Penalty rate denotes the proportion of runs whose final result is penalty-contaminated or lacks an effective archive
representative. These rates are reported alongside run-level diagnostics because a low-budget constrained run can fail by
returning no usable non-penalty representative; such failures are not hidden by averaging only over successful runs. Conversely,
a valid run is not necessarily a strictly feasible engineering design.

Optimization-quality indicators include Cy 4, hypervolume (HV), L.jip and R.. Search-process indicators include area-under-
curve values for coverage, non-penalty archive ratio and penalty ratio, as well as first-hit evaluation progress for non-penalty
and HQ candidates. Non-parametric sign tests and Wilcoxon signed-rank tests are used for matched comparisons to avoid
strong normality assumptions in small-sample stochastic optimization comparisons>®#°. For inverse-dynamics post-verification,
PSO representatives were selected using both balanced and coverage-oriented criteria, so that force-response risks could be
compared under different representative-selection preferences.

Results

The results are organized to match the proposed method and verification protocol. First, the active-input domain is examined
to explain why a soft-constrained stress interpretation is required. Second, Basic MOPSO, FCD-MOPSO, PSO and GA are
compared under the same limited evaluation protocol. Third, search-history and neighboring-envelope diagnostics are used to
assess whether the improvement is only a final-value effect. Finally, ablation and inverse-dynamics post-verification are used to
interpret representative engineering risk.

Input-domain risk map and feasibility diagnosis

Figure 4 compares representative Basic MOPSO and FCD-MOPSO designs in the active-input domain. The FCD-MOPSO
representative produces 87 usable input samples out of 130 and a largest connected component of 52 samples, whereas the
Basic MOPSO representative produces 85 usable samples and a largest component of 49 samples. The absolute increase in the
largest connected component is therefore small, but it occurs together with lower maximum condition-number risk, lower peak
load-proxy risk and lower force-gradient proxy in the displayed risk maps. This result provides representative-level evidence
that connected-domain guidance can select a more executable region, without implying improvement in every grid-level
descriptor or every run.

Strict-feasibility diagnosis showed that the absence of strictly feasible runs was dominated by task-envelope coverage
pressure, with no dominant kinematic or load-transfer failure mode observed. Coverage violation appeared in all 80 diagnostic
runs, with mean, median and maximum violation values of 0.0992, 0.0984 and 0.1053. Sweep-range violation appeared in 34
of 80 runs. Singularity-margin violation appeared in 76 of 80 runs but was numerically small, with a mean of 4.62 x 107>,
Condition-number, load and force-gradient strict violations were absent in the diagnostic records. The following rate indicators
are therefore soft-constrained non-penalty success measures. They are not equivalent to strict feasibility of a final engineering
design.

Main low-budget benchmark comparison

Table 1 summarizes the main benchmark comparison. Relative to Basic MOPSO, FCD-MOPSO increases the valid-run rate
from 0.6 to 0.8, the high-quality (HQ) rate from 0.1 to 0.4 and the force-aware HQ rate from 0.1 to 0.4. The penalty rate
is reduced from 0.4 to 0.2. These changes indicate that the main benefit over Basic MOPSO is more stable formation of a
non-penalty archive and a higher frequency of representative runs that satisfy the prescribed soft quality conditions.

Table 1. Low-budget baseline comparison under the same evaluation protocol.

Algorithm Valid HQ Force-aware HQ  Penalty Median Cyy  Median HV ~ Median L¢jj,  Median Re
Basic MOPSO 0.6 0.1 0.1 0.4 0.0231 0.0200 4.83%x107* 0.577
FCD-MOPSO 0.8 04 04 0.2 0.0243 0.0350 5.08x107* 0.615
PSO 0.8 0.4 0.4 0.2 0.0251 0.0450 5.65x107% 0.631
GA 0.6 0.1 0.1 0.4 0.0228 0.0300 479 x 1074 0.581

The PSO baseline reaches the same valid, HQ and force-aware HQ rates as FCD-MOPSO and has slightly higher median
Cya, median HV and median R.. This comparison rules out a stronger claim of universal superiority. The value of FCD-
MOPSO is narrower: it improves the archive-based multi-objective framework relative to Basic MOPSO while retaining a set of
candidates from which coverage-preferred, balanced and force-aware representatives can be selected. PSO can converge rapidly
to a coverage-oriented region under a low budget, but it does not maintain an external non-dominated archive and therefore
provides less structural information for representative selection.
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The median clipped load proxy of FCD-MOPSO is slightly higher than that of Basic MOPSO and GA in Table 1; therefore
final scalar summaries alone are not sufficient to support the engineering interpretation. The subsequent inverse-dynamics
verification is used as a post-optimization consistency check. This separation is important because the optimizer uses only the
clipped load proxy during search, whereas the force histories are obtained from a richer verification model after optimization.

Search stability and neighboring stress settings

Search-process diagnostics showed that FCD-MOPSO formed usable archive states earlier than Basic MOPSO. The area under
the Cy4 history increased from 0.0297 to 0.0317, the area under the non-penalty archive ratio increased from 0.3250 to 0.6250,
and the area under the penalty ratio decreased from 0.3750 to 0.1750. The median first non-penalty hit advanced from 85.0 to
65.0 evaluations, and the median first HQ hit advanced from 170 to 95.0 evaluations. For a low-budget mechanism-synthesis run,
this first-hit behavior is practically relevant because a late non-penalty hit leaves little remaining budget for archive refinement.
Since MOPSO repeatedly samples leaders from the archive, early archive quality directly affects the direction of later particle
updates.

Neighboring task-envelope stress tests further indicated that the coverage improvement was not produced by a single
isolated target-envelope parameterization. For the matched-run difference ACya, all three neighboring settings produced a
positive/negative/tie pattern of 9/1/0 with a sign-test value of p = 0.0215. Auxiliary connected-domain and valid-weighted
metrics showed weaker evidence: the largest connected-component ratio produced 7/1/2 with p = 0.0703, valid-weighted
Cya produced 5/0/5 with p = 0.0625, and valid-weighted R. produced 4/0/6 with p = 0.1250. The defensible conclusion is
therefore limited to more consistent task-envelope coverage and earlier non-penalty archive formation, without supporting
independent statistical improvement in every auxiliary descriptor.

Ablation and representative engineering verification

Figure 5 summarizes the ablation evidence. Full FCD-MOPSO, the variant without connected leader and the variant without
hybrid archive remain FCD-like in the primary stress rates. Removing local perturbation reduces the valid, HQ and force-aware
HQ rates toward the Basic MOPSO level. In the targeted ablation setting, full FCD-MOPSO improves Cy4 over Basic MOPSO
with a positive/negative/tie pattern of 9/1/0, median difference 7.72 x 10~%, sign-test p = 0.02148 and Wilcoxon signed-rank
p =0.03711. The same coverage signature for the no-connected-leader and no-hybrid-archive variants indicates that their
independent benefits are not fully separated under the present low-budget protocol. Local perturbation is the clearest isolated
contributor in the current ablation evidence.

a Primary stress ablation rates
Rate
! FCD-like Metric
08 08 08 W Valid
075 W Ha
0.6 0.6 06 M Force-aware HQ
0.5
04 0.4 0.4
0.0.3
0.25
0.10.1 0.10.1
0 .
Basic FCD full No connected No hybrid No local No geometry
leader archive perturb. repair
b Targeted ablation setting
Median CXA Full FCD vs Basic: +9/-1, sign p=0.02148 Valid rate
0.03 1
0022 0.025 0.025 0.025 0022 M FCD-like variants
; ; 0.75 M Basic / no local
0.02
0.5 0.5 0.5
0.5
0.01 03 03
0.25
0 0
Basic FCD full No connected No hybrid No local Basic Full NoCL NoHA NolP
leader archive perturb.

Figure 5. Ablation results for the FCD-MOPSO components.
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This behavior is consistent with the fragmented input-domain landscape. When valid samples form narrow connected
regions, a purely social-learning-driven update may overshoot or repeatedly cross invalid boundaries. A small bounded
perturbation around promising candidates provides additional local sampling near these boundaries and can help the swarm
locate neighboring usable cells. The connected-domain leader and hybrid archive are retained because they are structurally
consistent with the mechanism-domain guidance objective, although their separate statistical effects are not resolved by the
present low-budget ablation.

Representative inverse-dynamics force histories are shown in Fig. 6, and risk summaries are shown in Fig. 7. At the
representative-solution level, FCD-MOPSO has lower maximum condition number than Basic MOPSO (1936 versus 2589),
lower peak load-proxy map value (0.081 versus 0.103) and lower maximum force-gradient proxy (0.027 versus 0.033). In
inverse-dynamics verification, FCD-MOPSO also has lower total peak force (1124 N versus 1199 N), lower total RMS
force (549 N versus 610 N), lower maximum force gradient (1243 N/s versus 2376 N/s) and lower force-smoothness index
(1.11 versus 1.98). The two PSO representatives show substantially larger force-gradient and force-smoothness risks despite
competitive objective-space indicators.

a $1 actuator force

Force|(N)

= Basic MOPSO
500

= FCD-MOPSO

_ PSO balanced _
0 ;-“\ ;«.“\
-500

-1000

N\

-1500

0 15 30 45 60
time (s)

b S2 actuator force
Force|(N)

o

0 15 30 45 60
time (s)

c Total force magnitude
Force|(N)
1500

. 7
\&zjmﬁ;’f

0

0 15 30 45 60
time (s)

Figure 6. Inverse-dynamics force histories of representative designs.

The representative-level verification does not convert FCD-MOPSO into a dynamics optimizer. It only tests whether the
representative selected from the proxy-guided archive enters an undesirable force-response regime when checked by a higher-
fidelity model. The force-history results suggest that connected-domain and load-proxy guidance can improve representative
quality beyond what is visible in a two-dimensional objective plot. This evidence remains post-verification evidence; dynamic
optimality is outside the present optimization claim.
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a Input-space risk metrics

M Basic MOPSO
| FCD-MOPSO
max condition number [ PSO balanced
Basic MOPSO 2,589
FCD-MOPSO 1,936
PSO balanced 1,852
PSO coverage 4,925

PSO coverage

peak load proxy map
Basic MOPSO 0.103

FCD-MOPSO 0.081
PSO balanced 0.090
PSO coverage 0.096
max force-gradient proxy map
Basic MOPSO 0.033
FCD-MOPSO 0.027
PSO balanced 0.023
PSO coverage 0.036
b Representative inverse-dynamics metrics

total peak force (N)
Basic MOPSO 1,199

FCD-MOPSO 1,124
PSO balanced 1,563
PSO coverage 1,535

total RMS force (N)
Basic MOPSO 610

FCD-MOPSO 549
PSO balanced 799
PSO coverage 821

total max force gradient (N/s)
Basic MOPSO . 2376

FCD-MOPSO - 1,243
PSO balanced 90,935
PSO coverage 92,930

force smoothness index
Basic MOPSO —1.98

FCD-MOPSO -
PSO balanced 58.2
PSO coverage 60.6

Figure 7. Engineering-risk summary for representative designs.

Discussion

The results support FCD-MOPSO as a mechanism-aware modification of archive-based MOPSO for fragmented feasible input
domains. The mechanism-aware evaluation step converts each candidate dimension vector into a structured active-input state
map rather than a single penalized objective vector. Feasibility-first comparison prevents objective-space dominance from
overriding loop-closure failure, invalid geometry or discontinuous branch behavior. Archive filtering and hybrid retention
reduce the probability that hard-infeasible, penalty-contaminated or weakly connected candidates become social leaders. Mixed
leader selection and local perturbation provide the final link between objective-space diversity and input-space executability.

The strict-feasibility diagnosis determines the scope of the interpretation. The absence of strict feasibility is dominated by
task-envelope coverage pressure, while condition-number, load and force-gradient strict violations are absent in the diagnostic
records. The valid-run rate used in the main comparison is therefore a soft-constrained non-penalty success rate, not a strict
feasibility rate. This distinction is important because the proposed method is evaluated as a low-budget screening optimizer for
mechanism synthesis, where the first requirement is to avoid penalty-contaminated archive states and to recover representative
candidates that remain meaningful under higher-fidelity verification.

The comparison with PSO limits the claim. PSO is competitive in valid rate, HQ rate, median coverage, hypervolume and
largest connected-component ratio. FCD-MOPSO does not dominate PSO on all scalar indicators. Its value lies in preserving a
multi-objective archive while using connected-domain quality to make the archive more informative for mechanism synthesis.
The contrast between competitive objective-space indicators and higher force-history risk in the PSO representatives shows why
mechanism-derived optimization cannot be judged only by generic objective-space indicators. For a closed-loop mechanism, an
acceptable representative must cover the task envelope, remain continuously executable in the active-input domain and avoid
undesirable force-response amplification.

The ablation results identify local perturbation as the clearest isolated contributor under the present evaluation budget.
This does not make the connected-domain leader or hybrid archive redundant. Their effects are coupled with feasibility-first
comparison and perturbation because all these components influence which candidates enter the archive and where the swarm
samples next. The current evidence supports the complete FCD-MOPSO framework as a coherent mechanism-aware strategy;
the independent effects of the archive and leader components are not separated by the current ablation design.

The framework differs from simple penalty-based constraint treatment in three ways. First, hard and soft violations are
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separated before Pareto comparison, so numerical failure and small soft-margin shortage do not receive the same treatment.
Second, connected-domain quality is retained even though it is not one of the two optimization objectives. Third, the archive
is used not only to store objective-space non-dominated candidates but also to retain candidates that are more likely to be
continuously executable over the active-input domain. These features are relevant for mechanisms in which similar output
coverage can be generated by input domains with different connectivity, branch-continuity and force-transfer properties.

The present scope is a two-input planar multi-loop mechanism class with a discretized task-envelope coverage metric and a
proxy-based load objective. Complete inverse dynamics is used for representative verification and is not fed back into the search
objective. The repeated-run evidence is designed to expose low-budget constrained-search behavior rather than to constitute a
broad benchmark over standard constrained multi-objective test suites. Other morphing or reconfigurable mechanisms may
require aerodynamic, structural, thermal or control-oriented performance variables in addition to the kinematic and load-transfer
descriptors used here.

Conclusion

This study proposed FCD-MOPSO for constrained dimensional synthesis of multi-loop mechanisms with fragmented feasible
active-input domains. The method retains the particle update and external archive structure of MOPSO, but embeds mechanism-
aware input-space evaluation, hierarchical feasibility comparison, connected-domain-guided archive maintenance, mixed leader
selection and bounded local perturbation into the search loop. The connected-domain descriptor is not treated as an additional
objective; it is used as a guidance signal that shapes comparison, retention and leader selection.

Under the investigated soft-constrained low-evaluation-budget protocol, FCD-MOPSO improved the non-penalty valid-run
rate, HQ rate and force-aware HQ rate relative to Basic MOPSO. It also produced earlier non-penalty archive formation
and more consistent coverage accumulation across neighboring task-envelope settings. Representative inverse-dynamics
verification showed lower peak force, RMS force, force-gradient risk and force-smoothness index than the Basic MOPSO and
PSO representatives. These findings indicate that mechanism-domain information can improve the engineering relevance of
archive-based multi-objective search when the feasible input domain is fragmented.

The strict coverage target remains the dominant unresolved constraint in the diagnostic benchmark, and the reported
success rates are therefore soft-constrained screening indicators rather than strict feasibility certificates. The contribution
of FCD-MOPSO is the formation of more reliable mechanism-aware candidate archives and lower-risk representatives for
subsequent engineering assessment within the same synthesis workflow.

Reporting and reproducibility statements
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Data availability

The numerical data generated and analyzed in this study, including run-level summaries, representative-solution metrics and
source data for the figures, are available from the corresponding author upon reasonable request for academic verification.
Access to mechanism-specific geometric data is restricted by institutional confidentiality requirements.

Code availability

The custom optimizer implementation and figure-generation scripts are available from the corresponding author upon reasonable
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