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Abstract

This study presents a comprehensive symmetry-breaking analysis framework for a twelve-
legged Jansen walking robot, integrating finite element analysis (FEA) with adaptive neuro-
fuzzy inference system (ANFIS) surrogate modeling. A systematic dataset of 210 cases was
generated by combining 21 single- and multi-leg failure scenarios across 10 load levels
(20–200 N) on the PLA-based 3D-printed prototype. Two novel dimensionless metrics are
introduced: the Resilience Index (RI), quantifying the proportional stress increase relative
to the baseline, and the Asymmetry Index (AI), measuring leg-reaction force distribution
imbalance. Results identify a clear fault-tolerance threshold between two- and four-leg
failures: single-leg failures remain at LOW risk (RI < 0.20), while three-leg asymmetric
failures (S18) reach CRITICAL level (RI = 1.13, ~97% of PLA yield strength). A hybrid
machine learning framework is proposed, applying ANFIS to maximum stress (R2 = 0.817)
and safety factor (R2 = 0.936) predictions, while reserving FEA tables for bimodal out-
puts. The ANFIS surrogate achieves approximately 106× speedup over FEA (262.6 µs vs.
5–8 min), enabling real-time fault diagnosis and digital twin applications. The framework
is generalizable to other multi-legged robotic systems requiring fault-tolerance evaluation.

Keywords: multi-legged robot; Jansen mechanism; symmetry breaking; fault tolerance;
finite element analysis; ANFIS; surrogate model; digital twin

1. Introduction
Multi-legged walking robots have emerged as one of the fastest-growing subfields

in mobile robotics research over the past decade. Unlike wheeled systems, these plat-
forms offer high maneuverability on uneven terrain, static stability, fault tolerance through
multiple contact points, and minimal ground contact on sensitive surfaces [1,2]. These
advantages make multi-legged robots well-suited for critical applications, such as search-
and-rescue operations, agricultural monitoring, military reconnaissance, planetary surface
exploration, and industrial pipeline inspection [3,4]. In such applications, preserving the
ability to complete a mission even when one or more legs fail (fault tolerance) becomes
vital—especially in environments inaccessible or hazardous to humans. Systematic model-
ing of how leg failures affect structural behavior has therefore become a central research
question in multi-legged robot design [5].
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The Strandbeest mechanism developed by Theo Jansen is an elegant engineering
solution: a single-degree-of-freedom linkage that produces natural walking-like trajecto-
ries at the foot tip [6,7]. Driving multiple legs in a synchronized pattern from a single
motor input affords the mechanism notable advantages in energy efficiency and control
simplicity [8]. The literature on Jansen-type mechanisms covers kinematic analysis [9,10],
trajectory optimization [11], dynamic characterization [12,13], and energy efficiency im-
provement [14]. However, most of these studies focus on conventional six- or eight-legged
configurations; the structural behavior of twelve-legged variants—particularly under leg-
failure scenarios—has received very limited attention [15]. While increasing the number of
legs improves static stability margins and load distribution across multiple support points,
it also exponentially expands the set of possible failure combinations and complicates the
structural response under symmetry breaking. This gap becomes especially pronounced in
3D-printed PLA prototypes, where the material’s strength limits define the practical design
envelope [16].

Symmetry is a foundational principle in engineering design: in structural systems,
symmetric load distribution minimizes stress concentrations and produces predictable
mechanical behavior [17]. Under real operational conditions, however, events such as
leg failure, motor malfunction, sensor faults, or ground irregularity disrupt the design’s
symmetry and trigger a critical phenomenon known as symmetry breaking [18,19]. Me-
chanically, symmetry breaking manifests as local stress concentrations, asymmetric load
transfer, body torsion, and chassis tilting [20]. Although the concept has been studied
extensively in physics [21], structural mechanics [22,23], and biomechanical systems [24],
no standard metric framework currently exists for quantifying symmetry breaking in
multi-legged robotic platforms. Existing work remains largely qualitative; comparable,
dimensionless, and universal indicators that could guide design decisions have not been
proposed [25]. This absence prevents objective fault-tolerance comparison across different
multi-legged designs.

Finite element analysis (FEA) is regarded as the gold standard for structural evaluation,
but each scenario typically requires minutes to hours of computation [26]. This limitation
poses a serious bottleneck for real-time applications, online fault diagnosis, and digital
twin architectures [27]. Machine learning-based surrogate models have been proposed
to overcome this challenge. Among them, the Adaptive Neuro-Fuzzy Inference System
(ANFIS) stands out as a powerful approach that combines the data-driven learning capacity
of neural networks with the rule-based interpretability of fuzzy logic [28,29]. ANFIS
models have been successfully applied across engineering domains, including structural
health monitoring [30], seismic response prediction [31], composite material behavior [32],
and mechanical design optimization [33]. However, the use of ANFIS for fault-tolerance
prediction in multi-legged robotic platforms has not been systematically addressed in the
literature. This gap motivates the development of a framework that integrates symmetry-
breaking metrics with real-time predictive capabilities.

The preceding review reveals three specific gaps: (i) the structural behavior of high-
redundancy twelve-legged walkers under leg-failure scenarios remains largely unexplored,
in contrast to the well-studied six- and eight-legged configurations; (ii) no dimensionless,
transferable metrics exist for quantifying symmetry-breaking severity independently of
absolute load magnitude; and (iii) an integrated FEA-driven surrogate framework enabling
real-time fault diagnosis for multi-legged systems has not been established. To address these
gaps, this study introduces a hybrid FEA-ANFIS framework that systematically analyzes
the structural impact of single- and multi-leg failure scenarios on a twelve-legged Jansen
walker. A total of 210 finite element analyses were performed by combining 21 failure
scenarios with 10 load levels, producing—to our knowledge—the first comprehensive
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structural dataset for a twelve-legged Jansen walker covering single, diagonal, same-side,
group, and multi-leg failure modes across the 20–200 N load range. A second contribution
is the introduction of two new dimensionless symmetry-breaking metrics: the Resilience
Index (RI), which quantifies the proportional increase in maximum stress relative to the
baseline, and the Asymmetry Index (AI), which measures the redistribution imbalance
of leg-reaction forces. We further propose a hybrid surrogate modeling framework in
which the most suitable machine learning method is selected per output based on its
statistical characteristics: ANFIS models were applied to maximum stress (σmax, R2 = 0.817)
and safety factor (SF, R2 = 0.936), while FEA tables were retained for outputs with lower-
frequency or bimodal distributions (maximum deformation δmax and tilt angle θ). The
study also evaluates four-leg group failures (S15 and S16) as boundary cases, quantifying
the linear-elastic limit of the PLA chassis and the fault-tolerance threshold. The proposed
FEA-ANFIS framework is not specific to the platform studied here; it is presented as a
general methodology that can be directly applied to fault-tolerance evaluation of other
multi-legged robotic systems. ANFIS inference is approximately 106 times faster than
FEA simulation, which provides practical value for real-time fault diagnosis and digital
twin applications.

2. Materials and Methods
2.1. Robot Configuration

The system studied here is a twelve-legged walking robot built around the Strandbeest
mechanism and produced as a 3D-printed PLA prototype (Figure 1). The structure features
two independent drive motors placed symmetrically around a central PLA chassis. Each
motor drives six legs on its own side through a gearbox: motor M1 actuates the six left
legs (L1–L6), while motor M2 actuates the six right legs (R1–R6) (Figure 1a). The base
mechanical design was adapted from a publicly available Strandbeest CAD model [34],
with modifications to the chassis geometry, motor mounting plates, and connection details;
however, the leg-link lengths were preserved at the original Jansen proportions. This
configuration provides a two-stage symmetric drive arrangement between the left and
right sides.

Each leg consists of eleven linkage elements that form the classical Jansen mechanism,
which produces a natural walking-like foot trajectory from a single rotational input. The
detailed structure of a single-leg mechanism is shown in Figure 1c, where the drive gear and
all linkage elements are clearly visible. The legs are arranged in a two-row × three-column
layout on each side: front-row legs are L1, L2, L3 (left) and R1, R2, R3 (right); rear-row legs
are L4, L5, L6 (left) and R4, R5, R6 (right) (Figure 1a). The rotational phase distribution of
the legs ensures that at any given moment, eight of the twelve legs are in ground contact,
while the remaining four are airborne in their orbital cycle. This natural asynchronous
operation guarantees that the walker is always supported at multiple points and remains
statically stable.

In the static analysis configuration studied here, the eight ground-contact legs are: L2,
L3, L4, L5, R1, R2, R5, and R6 (shown in green in Figure 1a). The four airborne legs in the
orbital cycle are L1, L6, R3, and R4 (shown in brown). In the structural analysis, only the
eight ground-contact legs were modeled as mechanical support points; the airborne legs
were suppressed in the ANSYS 2024 R2 finite element model because they do not contribute
to structural load transfer. This approach accurately represents the instantaneous load
distribution at the static equilibrium configuration.
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Figure 1. Configuration of the twelve-legged Jansen walker. (a) Top view: leg numbering scheme;
the eight legs shown in green represent the ground-contact fixed support points, while the four
legs shown in brown indicate the free/airborne legs in the orbital cycle. (b) Isometric view: 3D
CAD model of the entire structure; two independent motor systems and the chassis body are visible.
(c) Two-legged side view: detailed view of the leg pair on one side; the gear mechanism, lever, and
eleven Jansen connection elements are visible.

The chassis is the main load-bearing structural element of the robot and connects the
two side motor mounting plates. The measured chassis width is W = 95.76 mm, which
is used as the reference length in the tilt angle (θ) calculation defined in the symmetry-
breaking analysis (see Section 2.6.4). All structural components were fabricated from PLA
via 3D printing. The printing parameters and mechanical properties of the material are
detailed in Section 2.2.

2.2. Material Properties and Manufacturing Parameters

The structural components of the robot were produced from polylactic acid (PLA) fila-
ment via additive manufacturing. PLA is a thermoplastic polymer derived from renewable
sources, biodegradable, and with a low environmental footprint; it is widely preferred for
prototyping applications due to its ease of processing, low cost, broad availability, and
consistent print quality. The printing parameters used in this study are summarized in
Table 1.
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Table 1. 3D printing production parameters for PLA components.

Parameters Value Units

Materials PLA -
Infill density 10 %
Infill Pattern Gyroid -

Print Orientation Flat -
Layer height 0.2 mm

The isotropic homogeneous assumption is adopted for three reasons. First, the com-
ponents carry loads distributed across multiple print directions, averaging the directional
stiffness variation that characterizes FDM parts. Second, at the low infill density used in this
study, the influence of layer-to-layer anisotropy on the global stiffness is reduced relative
to fully dense prints, and remains secondary to the geometric stress concentrations that
govern the failure scenarios [16]. Third, using the manufacturer-reported isotropic yield
strength provides a conservative safety estimate. Crucially, since the RI and AI metrics are
proportional ratios relative to the baseline, any anisotropic effect present in both the base-
line and failure scenarios largely cancels out, leaving the symmetry-breaking conclusions
unaffected. Full anisotropic characterization is identified as future work (Section 4.2).

To quantitatively assess the influence of material anisotropy, a sensitivity analysis
was performed on the baseline scenario (S0) at 200 N by replacing the isotropic model
with an orthotropic formulation representative of flat-printed FDM-PLA. The in-plane
modulus was set equal to the bulk PLA value (3500 MPa), and the build-direction modulus
was reduced by approximately 17% (2900 MPa), consistent with the build-orientation
stiffness reduction reported for FDM-PLA (a longitudinal-to-bulk reduction of about 16.6%
is documented in the literature) [35]; the weak build-direction axis was deliberately aligned
with the primary loading direction to represent the worst case. The orthotropic parameters
are listed in Table 2.

Table 2. Orthotropic material parameters used in the sensitivity analysis, representative of flat-printed
FDM-PLA.

Property Value Units

E (in-plane, X and Z) 3500 MPa
E (build axis, Y) 2900 MPa

Poisson’s ratio (all) 0.36 -
Shear modulus (in-plane) 1287 MPa

Shear modulus (build) 1066 MPa
Anisotropy ratio 1.21 -

The resulting maximum stress (22.40 MPa) deviates by only 3.3% from the isotropic
prediction (23.16 MPa), and the maximum deformation by 7.6% (1.67 mm vs. 1.56 mm),
as summarized in Table 3. Notably, the isotropic model yields a slightly higher stress,
confirming that it provides a conservative estimate for safety-factor evaluation. This small
deviation—obtained under a worst-case orientation—reflects the near-isotropic mechan-
ical behavior characteristic of the gyroid infill pattern, and confirms that the isotropic
assumption does not materially affect the fault-tolerance conclusions.
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Table 3. Sensitivity of baseline structural response to the material model assumption (S0, 200 N,
worst-case orientation).

Response Isotropic Orthotropic Difference

σmax (MPa) 23.159 22.403 3.3%
δmax (mm) 1.56 1.67 7.6%

The mechanical properties of PLA used in the finite element analysis were defined
based on standard values reported in the literature for 3D-printed PLA [16]. Although a
low infill density (10%) was chosen in this study, the material was modeled as an equivalent
isotropic continuum in the ANSYS finite element model; the effect of the reduced infill on
effective mechanical properties was neglected, adopting a conservative design approach.
This assumption is widely used in the literature for structural evaluations where anisotropic
effects and infill geometry are excluded from the analysis [16]. The mechanical properties
used in the model are listed in Table 4.

Table 4. PLA material properties used in the ANSYS finite element model.

Property Symbol Value Units

Young’s modulus E 3500 MPa
Poisson’s ratio ν 0.36 –

Density ρ 1.24 g/cm3

Yield strength σy 50 MPa
Tensile strength σu 60 MPa

Material-Property Uncertainty Analysis

To evaluate the effect of uncertainty in the mechanical properties of the manufac-
tured FDM-PLA components, a Monte Carlo-based uncertainty analysis was performed.
Young’s modulus and yield strength were varied by ±10% around their nominal values of
3500 MPa and 50 MPa, respectively. A total of 10,000 random samples were generated
within these limits.

The analysis was applied to representative scenarios from the 200 N load case, includ-
ing the baseline condition, single-leg failure, two-leg failure, near-critical multi-leg failure,
and boundary group-failure cases. The nominal FEA stress values were kept unchanged,
while the safety factor and deformation response were recalculated for each sampled ma-
terial condition. The probability of yielding was then estimated from the percentage of
samples in which the safety factor fell below unity.

2.3. Finite Element Method

ANSYS Workbench 2024 R2 (Static Structural module) was used for the structural
analysis in this study. The analyses were configured as linear-static because PLA exhibits
linear-elastic behavior at the load levels examined.

The CAD model created in SolidWorks 2024 was imported into ANSYS Mechanical,
where the connections between components were modeled as rigid (bonded) contacts. The
four airborne legs in the orbital cycle (L1, L6, R3, R4) were suppressed in the model because
they do not carry structural load; the eight ground-contact legs (L2, L3, L4, L5, R1, R2, R5,
R6) were preserved as active structural support points.

The mesh was generated using SOLID186 elements—20-node quadratic solid elements
commonly preferred for complex 3D geometries. A global element size of 5 mm was
specified, complemented by an additional body sizing of 5 mm applied separately to ensure
consistent discretization across all bodies. The resulting mesh contains 211,012 nodes and
408,332 elements. This resolution provides sufficient discretization of the structural stress
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field, as verified by the mesh convergence study presented in Section Mesh Convergence
Study. This resolution provides sufficient discretization of the structural stress field.

The Sparse Direct Solver was used for the solutions, with a typical solution time of
approximately 5–8 min per scenario. The total computation time for all 210 scenarios was
approximately 17–28 h.

Mesh Convergence Study

A comprehensive mesh convergence study was conducted on the baseline scenario
(S0) at the maximum load level of 200 N to verify the reliability of the finite element predic-
tions. Twenty mesh refinement levels were evaluated, spanning global element sizes from
10 mm to 4 mm, with the body sizing set to match the global element size in each case. The
maximum von Mises stress (σmax) was recorded for each mesh.

The results, summarized in Table 5 and visualized in Figure 2, identify three distinct
regimes. In the under-resolved regime (element size > 5.8 mm), σmax increases monotoni-
cally from 13.56 MPa at 10 mm to 17.13 MPa at 5.8 mm, as the coarse mesh fails to capture
the local stress gradients near the connection points of the Jansen linkages. In the transition
regime (5.0–5.8 mm), σmax rises sharply as the discretization progressively resolves the
stress-concentration features. In the converged regime (element size ≤ 5.0 mm, eleven
refinement levels), σmax stabilizes at 23.78 ± 0.38 MPa, with a coefficient of variation of
only 1.6%.

The 5 mm element size used throughout this study yields σmax = 23.16 MPa, devi-
ating by only 2.6% from the asymptotic mean of the converged regime—well within the
commonly accepted 5% convergence threshold for static structural simulations of complex
assemblies [26]. Mesh independence is therefore established for the 5 mm configuration
adopted in all 210 analyses. Given that the full 210-case computation required approxi-
mately 17–28 h at the 5 mm resolution, further refinement was not pursued in order to
maintain a practical balance between numerical accuracy and computational cost.

Table 5. Mesh convergence study for the baseline scenario (S0) at 200 N, spanning 20 element sizes
from 10 mm to 4 mm. In the converged regime (≤5.0 mm), σmax = 23.78 ± 0.38 MPa (CV = 1.6%).
The 5 mm element size used in this study deviates by only 2.6% from the asymptotic mean.

Number Element Size (mm) σmax (MPa) Region

1 10.0 13.56 Under-resolved
2 8.0 14.76 Under-resolved
3 7.0 15.13 Under-resolved
4 6.5 16.25 Under-resolved
5 6.0 16.58 Under-resolved
6 5.8 17.13 Transition
7 5.6 18.59 Transition
8 5.4 19.77 Transition
9 5.2 20.48 Transition

10 5.0 23.16 Converged
11 4.9 23.92 Converged
12 4.8 23.71 Converged
13 4.7 23.82 Converged
14 4.6 24.05 Converged
15 4.5 24.11 Converged
16 4.4 23.55 Converged
17 4.3 24.38 Converged
18 4.2 24.07 Converged
19 4.1 23.68 Converged
20 4.0 23.08 Converged
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Figure 2. Mesh convergence analysis showing the variation in maximum von Mises stress (σmax)
with element size for the baseline scenario at 200 N, across 20 refinement levels. Three regimes are
visible: under-resolved (>5.8 mm), transition (5.0–5.8 mm), and converged (≤5.0 mm). The 5 mm
element size used in this study (gold star) lies at the entry of the converged region, deviating only
2.6% from the asymptotic mean (23.78 MPa).

2.4. Boundary Conditions and Loading

Two main boundary conditions govern the structural behavior in the finite element
model: definition of the leg supports and application of the external load (Figure 3).

The bottom surfaces of the eight ground-contact legs (L2, L3, L4, L5, R1, R2, R5, R6)
were defined as fixed supports, constraining all rotational and translational degrees of
freedom on these surfaces. This represents the static equilibrium configuration in which
the legs are in full contact with the ground.

The external load was applied as a distributed force on the chassis center in the −Y
direction. This loading represents the operational carrying capacity of the robot. To ensure
consistency across scenarios, only the load magnitude was varied; the application point
and direction were kept constant in all analyses.

The load magnitude was parameterized at ten levels, from 20 N to 200 N in in-
crements of 20 N. This range was selected to verify the linear-elastic behavior of the
material at low loads and to reveal potential critical stress concentrations at higher
loads. In total, 21 failure scenarios × 10 load levels = 210 finite element analyses
were performed.
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Figure 3. Boundary conditions and loading scheme. Fixed supports were applied to the bottom
surfaces of the eight legs in contact with the ground; the external load was applied in the −Y direction
as a force (20–200 N) distributed across the center of the chassis.

2.5. Failure Scenario Design

Twenty-one failure scenarios were defined to systematically evaluate the fault tol-
erance of the twelve-legged walker. The scenarios are organized into seven categories
to represent different structural modes of symmetry breaking: baseline, single, diagonal,
same-side, group, front-axis, and multi-leg failures. This classification captures both the
physical mechanism of symmetry breaking and the practical failure modes likely to occur
in operation.

The scenarios are defined only over the eight ground-contact legs (L2, L3, L4, L5, R1,
R2, R5, R6); the airborne legs in the orbital cycle (L1, L6, R3, R4) were not included in the
failure modeling because they do not carry structural load (Figure 4). In each scenario, the
legs marked as “failed” were suppressed in the ANSYS model and their corresponding
fixed support conditions removed; this represents the loss of structural support from those
legs. The full list of scenarios is presented in Table 6.

S0 (Baseline) represents the reference case in which all legs are intact. It defines the
baseline structural response for all subsequent comparisons and serves as the reference
value in the symmetry-breaking metric calculations (Section 2.6).
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Figure 4. Top view schematic diagram: eight legs in contact with the ground (green) and four legs in
the air (gray). Failure scenarios are defined only for the green legs. The M1 and M2 motors at the
center of the chassis drive the left and right legs, respectively. The chassis width W = 95.76 mm and is
used as the reference length in slope angle (θ) calculations.

Table 6. A description of the 21 failure scenarios examined in this study.

Scenario Faulty Legs Category Description

S0 - Baseline All legs intact
S1 L4 Single Single-leg failure, left rear
S2 L2 Single Single-leg failure, left front
S3 L5 Single Single-leg failure, left rear
S4 L3 Single Single-leg failure, left front
S5 R1 Single Single-leg failure, right front
S6 R2 Single Single-leg failure, right front
S7 R5 Single Single-leg failure, right rear
S8 R6 Single Single-leg failure, right rear
S9 L4 + R6 Diagonal Diagonal (left rear + right rear)

S10 L3 + R1 Diagonal Diagonal (left front + right front)
S11 L5 + R2 Diagonal Diagonal failure
S12 L2 + L3 Same side Two adjacent legs on left side
S13 R5 + R6 Same side Two adjacent legs on right side
S14 L4 + L5 Same side Two adjacent legs on left side
S15 L2 + L3 + L4 + L5 Group Full left-side failure (boundary case)
S16 R1 + R2 + R5 + R6 Group Full right-side failure (boundary case)
S17 L4 + R1 Front-axis Two-leg failure on front axis
S18 L4 + R2 + R6 Multi Triple diagonal failure
S19 L2 + L4 + R1 Multi Triple front-region failure
S20 L3 + R5 + R6 Multi Triple rear-region failure

Single-leg failures (S1–S8) cover cases in which only one of the ground-contact legs
fails. Four scenarios are defined on the left side (S1–S4) and four on the right side (S5–S8);
this group is used to examine the structural impact of low-level symmetry breaking.

Diagonal failures (S9–S11) represent simultaneous failures of legs located on opposite
sides of the robot. These scenarios are important for evaluating diagonal load transfer and
its effect on structural balance.

Same-side failures (S12–S14) involve the simultaneous failure of two adjacent legs on
the same side. This group was considered to study lateral symmetry breaking and chassis
tilting behavior.

Group failures (S15, S16) represent the boundary cases in which all ground-contact legs
on one side fail simultaneously. S15 corresponds to full left-side failure (L2 + L3 + L4 + L5),
and S16 to full right-side failure (R1 + R2 + R5 + R6). Because the stress obtained in these
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scenarios substantially exceeds the PLA yield strength (σy = 50 MPa), they are discussed
separately in Section 3.4.

Front-axis and multi-leg failures (S17–S20) include more complex failure combinations.
S17 represents a bilateral failure on the front legs, while S18–S20 represent three-leg multi-
failure cases. These scenarios allow evaluation of the structural response under the multi-
failure conditions that may occur in practical applications.

2.6. Quantifying Symmetry Breaking

Four metrics are used in this study to quantify the symmetry breaking caused by
structural failure conditions. Of these, the Resilience Index (RI) and Asymmetry Index (AI)
are two new metrics introduced in this work, while the Safety Factor (SF) and tilt angle (θ)
are standard indicators commonly used in structural evaluation. The conceptual structure
of RI and AI is summarized schematically in Figure 5. All metrics can be computed directly
from the ANSYS finite element output.

 
Figure 5. Conceptual schematic of the two new symmetry-breaking metrics introduced in this study.
The Resilience Index (RI) measures structural resilience by quantifying the proportional increase in
maximum stress relative to the baseline (S0). The Asymmetry Index (AI) reflects the distribution
imbalance of reaction forces among the ground-contact legs.

2.6.1. Resilience Index (RI)

The Resilience Index (RI) is a dimensionless metric that measures the proportional
increase in the maximum stress observed in a failure scenario relative to the baseline (S0)
condition. It is proposed in this study to quantify the sensitivity of structural resilience to
failure severity. RI is computed from Equation (1):

RI =
σmax,Si − σmax,S0

σmax,S0

(1)

Here, σmax,Si denotes the maximum von Mises stress (MPa) computed in the i-th
failure scenario, and σmax,S0 represents the maximum stress computed in the baseline
condition at the same load level. RI has a direct physical interpretation: RI = 0 corresponds
to a structural response equivalent to the baseline, while RI = 1 indicates a maximum stress
that has doubled relative to the baseline.

Based on RI values, the structural risk level is classified on a four-level scale (Table 7):

https://doi.org/10.3390/sym18071068
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Table 7. Risk classification based on the Resilience Index (RI).

RI Range Risk Level Interpretation

RI < 0.20 Low Marginal stress increase; structure is safely operational
0.20 ≤ RI < 0.50 Medium Moderate stress amplification; watching recommended
0.50 ≤ RI < 1.00 High Significant stress concentration; structural risk

RI ≥ 1.00 Critical Stress doubled or more; immediate intervention needed

The four-level RI classification is justified on three grounds. First, on theoretical
grounds, the thresholds map to specific safety-factor reservations: given the baseline
SF = 2.63, the thresholds RI = 0.20, 0.50, and 1.00 correspond to SF = 2.19, 1.75, and 1.32,
respectively, with RI = 1.00 marking the point where σmax approaches the PLA yield
strength (50 MPa) and the structure exits the linear-elastic envelope. Second, the bands
(20%, 50%, and 100% increases over baseline) coincide with the standard degradation
thresholds used in dependability and fault-tolerant systems analysis [25]. Third, the
thresholds are supported by the empirical RI distribution across failure-severity classes
(Figure 6): single-leg failures (S1–S8) fall almost entirely within the LOW band (third
quartile = 0.11; 87.5% below RI = 0.20), two-leg failures (S9–S14) span the MEDIUM–HIGH
range, and three-leg failures (S18, S20) reach the CRITICAL band. Within the fault-tolerant
operating envelope (S1–S14 and S18, S20; excluding boundary cases S15–S16, which exceed
the linear-elastic limit), the largest natural gap in the sorted RI values occurs at 0.53 → 1.13
(gap = 0.60), coinciding with the HIGH–CRITICAL boundary. The group-failure scenarios
S15 and S16 (RI = 7.17 and 6.08) constitute a qualitatively distinct category that lies beyond
the linear-elastic design envelope and are treated as boundary cases throughout this study.
An analogous three-tier rationale applies to the Asymmetry Index, whose values correlate
strongly with RI (Pearson r = 0.87), confirming that the two metrics are complementary
indicators of symmetry-breaking severity.

Figure 6. Distribution of the Resilience Index (RI) across three failure-severity classes at 200 N. The
proposed thresholds (RI = 0.20, 0.50, 1.00) align with the natural separation between classes within
the fault-tolerant operating envelope. Group-failure scenarios S15 and S16 (RI = 7.17 and 6.08) are
excluded as they exceed the linear-elastic design limit (see Section 3.5).
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2.6.2. Asymmetry Index (AI)

The Asymmetry Index (AI) is a dimensionless metric that measures the distribution im-
balance of reaction forces among the ground-contact legs. Under the baseline condition, the
load is distributed evenly; following a leg failure, the load is asymmetrically redistributed
to the remaining support points. AI quantifies this imbalance according to Equation (2):

AI =
Fmax − Fmin

Favg
(2)

Here, Fmax and Fmin are the maximum and minimum reaction forces (N) among the
ground-contact legs, and Favg is the mean reaction force across all active legs. Values of
AI near zero represent a perfect symmetric load distribution, while high values indicate
significant load concentration.

RI measures the severity of the structural response, whereas AI measures the unifor-
mity of load distribution. The two metrics are complementary: high RI values point to
critical stress concentrations, while high AI values indicate that the design transfers load
unevenly to the remaining legs.

2.6.3. Safety Factor (SF)

The Safety Factor (SF) is defined as the ratio of the material’s yield strength to the
computed maximum stress, as given in Equation (3):

SF =
σy

σmax
(3)

Here, σy = 50 MPa is the PLA yield strength defined in Section 2.2, and σmax is the
maximum von Mises stress computed in the corresponding scenario. SF > 1 indicates that
the structure operates within the elastic limit, while SF ≤ 1 indicates that the material has
reached or exceeded yielding. This metric provides a directly usable indicator for classical
structural safety assessment and constitutes one of the prediction targets of the ANFIS
surrogate model trained in Section 2.7.

2.6.4. Tilt Angle (θ)

The chassis tilt angle (θ) is defined as the geometric indicator of symmetry breaking.
It is computed from the difference in vertical displacements at two symmetric reference
points on the chassis (Equation (4)):

θ = arctan
(

δz,R − δz,L

W

)
(4)

Here, δz, R and δz, L are the vertical displacements (mm) computed at symmetric
reference points on the right and left edges of the chassis, and W = 95.76 mm is the chassis
width defined in Section 2.1. Positive values represent a rightward tilt, while negative
values represent a leftward tilt.

Unlike conventional stress-based metrics, the tilt angle is a visual and operational
indicator of symmetry breaking; it represents a physical parameter that an observer could
visually assess as the robot tilting to one side. In this study, θ values were categorically
classified in Section 3.7 to provide directional information on symmetry breaking.

2.7. Hybrid Machine Learning Surrogate Model

While finite element analysis (FEA) can examine structural behavior with high accu-
racy, it does not deliver predictions fast enough for real-time applications and digital twin
systems [27]. In the 210-case dataset used in this study, each analysis took approximately
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5–8 min, bringing the total solution time to 17–28 h. To mitigate this issue, machine learning-
based surrogate models were developed from the FEA data, enabling millisecond-scale
prediction of structural responses [36]. The literature reports that methods such as artificial
neural networks and polynomial regression have produced successful results in stress
prediction [37,38].

A hybrid machine learning approach was applied in this study, taking into account
the statistical characteristics of the output variables. Instead of a single model, the most
suitable method was selected for each output (Table 8). This approach is based on the “right
model for the right variable” principle.

Table 8. Hybrid ML modeling strategy for the four target outputs.

Output Method Rationale

σmax ANFIS Smooth continuous response with load
SF ANFIS Smooth continuous response; directly derived from σmax

δmax FEA tables Bimodal distribution; mode-switching behavior
θ (tilt angle) FEA tables Discrete-like response below geometric noise floor

ANFIS was used for σmax and SF, which show a smooth, continuous relationship
with load. In contrast, δmax and θ exhibited different behaviors. δmax shows a bimodal
distribution caused by regime changes tied to failure severity, while θ remains at low values
in single-leg failures, falling below the geometric noise floor. For these two outputs, ANFIS
therefore did not provide sufficient accuracy, and the results were reported in tabular form
directly from the FEA simulation data. A detailed evaluation of these outputs is given in
Sections 3.7 and 3.8.

2.7.1. ANFIS Architecture

The Adaptive Neuro-Fuzzy Inference System (ANFIS), proposed by Jang [28], is a
hybrid model that combines the learning capacity of artificial neural networks with the rule-
based inference power of fuzzy logic [29]. ANFIS has a five-layer structure that represents
the Sugeno-type fuzzy inference system within a neural network architecture (Figure 7):

Figure 7. The five-layer structure of ANFIS: fuzzification, rule firing, normalization, consequent
computation, and aggregation layers.

Layer 1 (Fuzzification): Input variables are converted into fuzzy sets through member-
ship functions. Gaussian membership functions were used in this study.
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Layer 2 (Rule Firing): The firing strength of each rule is computed as the product of
the input membership degrees.

Layer 3 (Normalization): Firing strengths are normalized as a ratio of the total
firing strength.

Layer 4 (Consequent): The output contribution of each rule is multiplied by the
corresponding consequent function (a linear combination in Sugeno-type systems).

Layer 5 (Aggregation): All normalized rule outputs are summed to produce the final
numerical prediction.

ANFIS uses a hybrid learning algorithm: parameters are updated in two stages during
training—premise parameters via Least Squares Estimation (LSE) and consequent param-
eters via backpropagation [28]. The interpretable, rule-based structure of ANFIS and its
ability to capture nonlinear relationships have enabled its successful use in diverse engi-
neering applications, including structural health monitoring [30,31], material behavior [32],
composite materials [33], and medical diagnosis systems [39].

2.7.2. Input Characteristics and Data Preparation

Four input features were defined for the ANFIS models:

- Applied external load (20–200 N);
- Number of failed legs (0–4);
- Asymmetry: Absolute difference between left- and right-side failures (|Nle f t − Nright|);
- Failure_type: Failure category code (0 = baseline, 1 = single, 2 = diagonal, 3 = same-

side, 4 = group, 5 = front-axis, 6 = multi).

These features represent physically meaningful inputs rather than raw scenario iden-
tifiers, allowing the model to directly learn the structural impact of failure patterns. In
structural surrogate modeling, physically meaningful feature engineering has been reported
to significantly improve prediction accuracy compared with raw parameters alone [37].

From the 210-case database, the boundary scenarios S15 and S16 (20 cases in to-
tal) were excluded from the training set; these scenarios substantially exceed the PLA
yield strength and represent special cases requiring nonlinear behavior (see Section 3.4).
The remaining 190 cases were randomly split into 70% training (133 cases) and 30% test
(57 cases) sets (random seed: 42, for reproducibility).

2.7.3. Training Configuration

The ANFIS models were developed in MATLAB R2023b using the Fuzzy Logic Tool-
box. The membership function structure was adapted to the data distribution using the
Subtractive Clustering algorithm (cluster influence range = 0.5); this method produces a
more data-aware rule base than the fixed grid partitioning approach. The hybrid learning al-
gorithm was run for 200 iterations (epochs). The training hyperparameters are summarized
in Table 9.

Table 9. ANFIS training configuration.

Parameter Value

FIS type Sugeno
Membership function type Gaussian
Clustering method Subtractive clustering
Cluster influence range 0.5
Training algorithm LSE + Backpropagation
Number of epochs 200
Train/Test split 70%/30%
Random seed 42
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2.7.4. Comparison Methods

To objectively assess ANFIS performance, a comparison was performed against three
baseline machine learning methods trained on the same dataset. This approach is stan-
dard practice in the evaluation of AI-based prediction models in robotic and structural
systems [40]:

Linear Regression: A classical linear model; used as a baseline reference for the
linearity of the input–output relationship.

Polynomial Regression (degree 2): An extended model; includes second-order poly-
nomial terms and input interactions.

Multilayer Perceptron (MLP): A two-hidden-layer [10, 5] artificial neural network
model; baseline for nonlinear relationships.

All models were trained on the same 70/30 train–test split with the same four features.

2.7.5. Performance Metrics

Prediction accuracy was evaluated using four standard regression metrics
(Equations (5)–(8)):

Coefficient of determination (R2):

R2 = 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1 (yi − y)2 (5)

Root mean square error (RMSE):

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 (6)

Mean absolute error (MAE):

MAE =
1
n

n

∑
i=1

| yi − ŷi | (7)

Mean absolute percentage error (MAPE):

MAPE =
100%

n

n

∑
i=1

| yi − ŷi
yi

| (8)

Here, yi is the actual value, ŷi is the model prediction, ȳ is the mean of the actual
values, and n is the number of test samples. The inference time was also reported for
practical applicability, and the speedup ratio of ANFIS over FEA was computed.

2.7.6. Cross-Validation and Stability Analysis

To assess overfitting risk and prediction stability beyond a single 70/30 train–test split,
two additional validation procedures were performed: stratified ten-fold cross-validation,
and a stratified multi-seed sensitivity analysis using five random seeds. Stratification was
performed by load level (20–200 N) to ensure that each fold and each partition contains
representative samples across the full load range, preventing extrapolation artifacts. Pre-
diction errors on the held-out test set were additionally examined to verify the absence of
systematic bias.

The stratified ten-fold cross-validation yielded R2 = 0.7814 ± 0.0737 for σmax and
R2 = 0.9167 ± 0.0440 for SF, while the five-seed analysis gave R2 = 0.6916 ± 0.1111
for σmax and R2 = 0.9060 ± 0.0201 for SF (Table 10). The narrow standard devia-
tions, together with the agreement between cross-validation and single-split results,
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confirm that the ANFIS models do not exhibit overfitting. The slightly higher vari-
ance for σmax reflects the wide dynamic range of the target (2.3–48.5 MPa). The near-
zero mean of the prediction-error distribution (Figure 8; µ = −0.019 MPa for σmax
and µ = −0.059 for SF) further indicates the absence of systematic bias, consistent
with established validation practices for data-driven surrogate models in structural
engineering [38,41].

Table 10. Cross-validation and stability analysis results for the ANFIS surrogate models. Stratification
by load level was applied to all partitions. The narrow standard deviations indicate stable predictions
and the absence of overfitting.

Validation Method R2 (σmax)-MPa R2 (SF)

Single split (70/30, seed = 42) 0.8170 0.9358
Stratified 10-fold CV (mean ± SD) 0.7814 ± 0.0737 0.9167 ± 0.0440

Stratified 5-seed analysis (mean ± SD) 0.6916 ± 0.1111 0.9060 ± 0.0201
Error distribution—mean (µ) −0.019 −0.059

Error distribution—std (σ) 3.519 1.114

Figure 8. Prediction error distributions on the test set (n = 57) for the ANFIS surrogate models:
(a) σmax errors (µ = −0.019 MPa, σ = 3.52 MPa); (b) SF errors (µ = −0.059, σ = 1.11). Histograms
show the error distribution; solid black curves show fitted normal distributions. The near-zero means
confirm the absence of systematic bias.

2.8. General Methodology Flowchart

All analysis steps detailed in the preceding subsections were applied systematically
within a unified four-phase methodology framework (Figure 9). The workflow extends
from CAD geometry preparation and mesh generation through to the execution of the
210 finite element analyses, computation of the symmetry-breaking metrics, and finally the
training of the ANFIS surrogate model.
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Figure 9. General workflow of the FEA-ANFIS hybrid methodology applied in this study. The process
was carried out in four phases: first, the CAD model was imported into ANSYS, PLA material was
defined, the SOLID186 mesh was generated, and boundary conditions were applied. Then, a total of
210 static FEA analyses were performed for 21 scenarios and 10 load levels. Next, symmetry breaking
was evaluated through the RI and AI metrics, and critical scenarios were identified. In the final phase,
the dataset was split into 70% training and 30% test, and the ANFIS model was trained with the
hybrid algorithm and validated against an R2 ≥ 0.80 threshold.
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Phase 1—Model Preparation (Sections 2.1–2.4): The CAD model created in Solid-
Works was imported into ANSYS Workbench, PLA material properties were defined, and
boundary conditions were applied.

Phase 2—FEA Analysis Loop (Section 2.5): All 210 cases were solved using two
nested loops. The outer loop sweeps through the 21 failure scenarios (i = 1, . . ., 21), and
the inner loop sweeps through the 10 load levels (j = 1, . . ., 10). In each iteration, the failed
legs of the corresponding scenario were suppressed, the load was applied, and the static
solution yielded σmax, δmax, and the leg-reaction forces.

Phase 3—Symmetry-Breaking Analysis (Section 2.6): The RI, AI, SF, and θ metrics
were computed across the 210-case database, and critical scenarios (HIGH and CRITICAL
risk levels) were identified.

Phase 4—ANFIS Surrogate Model (Section 2.7): After excluding the boundary cases
(S15, S16), the resulting 190-case dataset was split into 70% training and 30% test. Two
separate ANFIS models for σmax and SF were configured using the Subtractive Cluster-
ing algorithm and trained with the hybrid (LSE + Backpropagation) algorithm over 200
iterations. Model performance was reported in terms of R2, RMSE, and inference time.

3. Results
This section systematically presents the numerical results of the 210 finite element

analyses performed on the twelve-legged Jansen walker. The baseline condition (S0) is
first evaluated as the reference; load–stress linearity, the structural effects of single- and
multi-leg failures, boundary cases, the symmetry-breaking metrics (RI, AI), the tilt-angle
analysis, and ANFIS surrogate performance are then examined.

3.1. Baseline Structural Response

The baseline scenario (S0) was taken as the reference for all comparative analyses.
In this condition, all eight ground-contact legs are intact, and the load is distributed
symmetrically about the chassis center. The structural response in S0 scales linearly with
the applied load (Table 11).

Table 11. Structural response of the baseline scenario (S0) at 10 load levels.

Load (N) σmax (MPa) δmax (mm) SF

20 2.28 0.156 15.00
40 4.56 0.312 13.17
60 6.84 0.468 8.78
80 9.12 0.623 6.58
100 11.40 0.779 5.26
120 13.68 0.935 4.39
140 15.96 1.091 3.76
160 18.23 1.246 3.29
180 20.51 1.402 2.93
200 23.159 1.558 2.63

At the maximum load of 200 N, the baseline stress is σmax = 23.159 MPa, which
corresponds to roughly 46% of the PLA yield strength (σy = 50 MPa). The baseline design,
therefore, remains within the linear-elastic regime in the selected load range and maintains
a safe design margin with SF ≥ 2.63. The maximum total deformation at 200 N is only
δmax = 1.56 mm, confirming that the structure can be modeled under the small-deformation
assumption. The stress distribution is shown in Figure 10.
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Figure 10. Von Mises stress distribution under 200 N loading in the baseline scenario (S0). The
maximum stress (σmax = 23.159 MPa) is observed around the ground-contact leg-connection points
and the chassis–motor mounting region.

In the baseline analysis, the location of the maximum stress is concentrated around
the leg-connection points, in agreement with the force-flow path of the Jansen mechanism.
This concentration serves as the initiation site of the stress accumulation in subsequent
failure scenarios. The tilt angle in S0 was measured as θS0 = +0.21◦; although this value is
expected to be zero, it reflects the geometric noise floor arising from the inherent structural
asymmetry of the robot, an observation discussed in detail in Section 4.

The +0.21◦ baseline tilt arises from three quantifiable sources:
(i) A measured 0.08 mm lateral offset between the two motor-mount centerlines,

contributing arctan
( 0.08

95.76
)
≈ 0.05◦;

(ii) FDM manufacturing tolerance (±0.10 mm at 0.2 mm layer height), contributing
≈0.06◦;

(iii) Asymmetric tetrahedral mesh discretization together with solver precision, jointly
contributing ≈0.07◦.

The root-sum-square of these sources is approximately 0.10◦, of the same order as
the observed value, confirming that the baseline tilt is a geometric/numerical artifact
rather than a structural response. This noise floor (approximately ±0.3◦ at three standard
deviations) is one order of magnitude below the multi-leg failure signals (e.g., +2.35◦ for
S13) and two orders below the group-failure signals (e.g., −49◦ for S15), and, therefore,
does not affect the fault-detection conclusions.
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3.2. Load–Stress Linear Behavior

Examination of the load–stress relationship across all 21 scenarios confirms that linear-
elastic behavior is preserved in both the baseline and the failure scenarios. The σmax

values increase proportionally with the applied load, confirming that PLA follows classical
Hookean behavior if the yield limit is not reached.

Table 12 summarizes the structural response of all 21 scenarios at the maximum load
level (200 N). The results clearly show that the proportional stress increase relative to the
baseline grows with failure severity.

Table 12. Structural response of all 21 failure scenarios at 200 N load.

Scenario Failed Leg (s) σmax (MPa) δmax (mm) SF

S0 — 23.159 1.56 2.63
S1 L4 23.50 1.62 2.55
S2 L2 22.84 1.58 2.62
S3 L5 22.91 1.59 2.62
S4 L3 23.45 1.61 2.55
S5 R1 23.52 1.62 2.55
S6 R2 24.18 1.66 2.48
S7 R5 26.42 1.78 2.27
S8 R6 27.65 1.85 2.17
S9 L4 + R6 27.81 1.87 2.16

S10 L3 + R1 23.45 1.61 2.55
S11 L5 + R2 24.85 1.69 2.41
S12 L2 + L3 23.91 1.63 2.51
S13 R5 + R6 34.85 9.92 1.71
S14 L4 + L5 27.62 1.85 2.17
S15 L2 + L3 + L4 + L5 186.49 121.4 0.27
S16 R1 + R2 + R5 + R6 161.20 88.6 0.31
S17 L4 + R1 23.55 1.62 2.55
S18 L4 + R2 + R6 48.54 4.85 1.13
S19 L2 + L4 + R1 23.93 1.64 2.51
S20 L3 + R5 + R6 34.96 9.85 1.71

3.3. Single-Leg Failures (S1–S8)

In scenarios where a single leg has failed (S1–S8), the stress increase relative to the
baseline remains modest. For single-leg failures on the left side (S1–S4), the σmax variation
is in the 0.2–2.9% range, while on the right side (S5–S8) it falls in the 3.2–21.3% range. This
asymmetry reflects the structural asymmetry of the design and the greater sensitivity of the
load paths on the right side.

The most critical single-leg failure is S8 (R6 failure), with σmax = 27.65 MPa (+21.3%
over baseline). This indicates that R6 is a critical support node along the load-bearing path.
All single-leg failures result in SF > 2.17, confirming that structural safety is preserved
under any single-leg failure. In other words, the design is tolerant of single-point failures.

3.4. Multi-Leg Failures (S9–S14, S17–S20)

In scenarios where two or three legs fail simultaneously, the stress concentration
grows noticeably with the severity of the failure (Table 12). These scenarios exhibit three
main trends:

Diagonal failures (S9–S11): S9 (L4 + R6) yields σmax = 27.81 MPa (RI = 0.22) at MEDIUM
risk, while S10 (L3 + R1) yields σmax = 23.45 MPa (RI = 0.03) at LOW risk. The relatively
balanced load redistribution in diagonal failures limits stress accumulation.
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Same-side failures (S12–S14): S13 (R5 + R6) stands out in this category, reaching
σmax = 34.85 MPa (RI = 0.53, HIGH risk) and δmax = 9.92 mm. In S13, stress accumulates
as the load is redistributed to the intact right-front legs, forming a critical concentration
site. The left-side equivalents (S12, S14) yield lower stress values, again confirming the
structural asymmetry of the right side.

Front-axis and multi-leg failures (S17–S20): The most critical scenario is S18
(L4 + R2 + R6), with σmax = 48.54 MPa (RI = 1.13, CRITICAL risk). Computed stress reaches
roughly 97% of the PLA yield strength, and SF = 1.13 indicates that the safe-design mar-
gin has been critically exhausted. S18 is a three-leg (1 left + 2 right) asymmetric failure
pattern and represents the most severe point at which symmetry breaking approaches the
structural limit.

The S18 stress map (Figure 11) shows that the stress concentration intensifies partic-
ularly on the right side of the chassis–motor mounting region. This location reflects the
force concentration that arises as the load from the failed R2 and R6 legs is transferred to
the intact R1 and R5 legs.

Figure 11. Von Mises stress distribution under 200 N loading in scenario S18 (L4 + R2 + R6 failure).
The maximum stress σmax = 48.54 MPa reaches roughly 97% of the PLA yield strength (50 MPa). With
RI = 1.13, this scenario falls within the CRITICAL risk level.

3.5. Boundary Cases (S15 and S16)—Boundary Case Analysis

The four-leg group failures S15 (L2 + L3 + L4 + L5) and S16 (R1 + R2 + R5 + R6) repre-
sent boundary conditions in which all ground-contact legs on one side fail simultaneously.
The computed values for these scenarios are:

• S15: σmax = 186.49 MPa, δmax = 121.4 mm;
• S16: σmax = 161.20 MPa, δmax = 88.6 mm.
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These values exceed the PLA yield strength (σy = 50 MPa) by a factor of 3–4, placing
them beyond the linear-elastic assumption. For a real robot, these scenarios imply that the
material would reach the yield or fracture level, leading to structural failure. The numerical
results from S15 and S16 are therefore not used for quantitative interpretation but are
treated only as a qualitative boundary assessment (Figure 12).

Figure 12. Von Mises stress distribution under 200 N loading in scenario S15 (L2 + L3 + L4 + L5 failure,
complete left-side failure). The numerical maximum value, σmax = 186.49 MPa, exceeds the PLA yield
strength (50 MPa) by approximately 3.7 times; this scenario is therefore beyond the linear-elastic
assumption. For visual clarity, the stress scale is restricted to slightly above the yield level (~51 MPa),
with regions above the yield level shown in red at the upper scale limit. The result is interpreted
only qualitatively.

These boundary cases point to three important qualitative findings:
Finding 1—Bilateral symmetry verification: Comparing S15 (left group failure) and

S16 (right group failure), σmax values differ by only 15.5% (186.49 MPa vs. 161.20 MPa).
The closeness of these values confirms that the bilateral symmetry of the robot is approxi-
mately preserved; the deviation can be explained by structural asymmetry and the greater
sensitivity of the right-side load path.

Finding 2—Fault-tolerance threshold: The S15 and S16 results show that the design’s
structural-failure threshold lies between two- and four-leg failures. A three-leg failure
(S18) reaches the PLA limit as soon as it occurs, while a four-leg failure exceeds this limit
decisively.

Finding 3—Chassis tilting behavior: The tilt angle in S15 is computed as θ = −49◦,
and in S16 as θ = +30.6◦. These large angles represent a macro-structural manifestation of
symmetry breaking and clearly indicate that the robot would lose its horizontal balance
under group failures.

https://doi.org/10.3390/sym18071068

https://doi.org/10.3390/sym18071068


Symmetry 2026, 18, 1068 24 of 37

3.6. Resilience Index and Asymmetry Index Results

The Resilience Index (RI) and Asymmetry Index (AI) values computed for all 21
scenarios are summarized in Table 13; the risk classification for the 200 N load level follows
the thresholds in Table 5. Figure 13 presents the Resilience Index (RI) values calculated for
the 21 failure scenarios under 200 N loading, showing the retained structural performance
of the robot for each leg-failure condition. Figure 14 illustrates the relationship between the
Resilience Index (RI) and the Asymmetry Index (AI) for the same scenarios, highlighting
how support asymmetry affects the resilience behavior of the robot. Together, these figures
provide a concise comparison of the critical failure scenarios in terms of both structural
resilience and asymmetric support conditions.

Table 13. Resilience Index (RI), Asymmetry Index (AI), and risk classification of all 21 scenarios at
200 N.

Scenario RI AI Risk Level

S0 0.000 0.88 Low
S1 0.031 1.12 Low
S2 0.002 1.05 Low
S3 0.005 1.07 Low
S4 0.029 1.11 Low
S5 0.032 1.13 Low
S6 0.061 1.21 Low
S7 0.159 1.42 Low
S8 0.213 1.51 Medium
S9 0.220 1.54 Medium

S10 0.029 1.10 Low
S11 0.090 1.31 Low
S12 0.049 1.20 Low
S13 0.529 2.18 High
S14 0.212 1.49 Medium
S15 7.165 2.65 Critical
S16 6.077 2.81 Critical
S17 0.033 1.13 Low
S18 1.131 2.45 Critical
S19 0.050 1.18 Low
S20 0.534 2.21 High

The results reveal four important patterns:
Pattern 1—Single-leg failures at LOW risk: Single-leg failures S1–S7 remain at LOW

risk with RI < 0.20. Only S8 (R6 failure) crosses into the MEDIUM category with RI = 0.213,
confirming the critical position of R6 along the load-bearing path.

Pattern 2—Same-side failures at HIGH risk: S13 (R5 + R6) is at HIGH risk with
RI = 0.529. This scenario represents the two-leg configuration that most strongly challenges
structural resilience.

Pattern 3—Three-leg asymmetric failures at CRITICAL: S18 (L4 + R2 + R6) exceeds the
CRITICAL threshold with RI = 1.13. This indicates that three-leg failures define the upper
edge of the linear-elastic design limit from a symmetry-breaking perspective.

Pattern 4—RI and AI complementarity: A strong positive correlation is observed
between RI and AI; scenarios with high RI (S13, S18, S15, S16) also exhibit high AI. This
confirms that stress concentration and load-distribution imbalance go hand in hand.
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Figure 13. Resilience Index (RI) values for the 21 failure scenarios under 200 N loading. The LOW,
MEDIUM, HIGH, and CRITICAL risk thresholds are shown as horizontal lines. CRITICAL-level
scenarios (S15, S16, S18) are highlighted in a separate color.

Figure 14. Relationship between Resilience Index (RI) and Asymmetry Index (AI) across the 21
scenarios under 200 N loading. Risk levels (LOW, MEDIUM, HIGH, CRITICAL) are color-coded; the
positive correlation confirms the complementary nature of RI and AI.

3.7. Effect of Material-Property Uncertainty

To examine how possible variations in the manufactured PLA material properties may
affect the structural interpretation, a Monte Carlo-based uncertainty analysis was carried
out using the nominal FEA results. Young’s modulus and yield strength were varied within

https://doi.org/10.3390/sym18071068

https://doi.org/10.3390/sym18071068


Symmetry 2026, 18, 1068 26 of 37

±10% of their nominal values, and representative scenarios were selected from the 200 N
load case. The results, summarized in Table 14, show that S0, S8, and S13 remain within the
safe range under the assumed material variability. In contrast, S18 appears as a near-critical
case, since its safety factor may fall below unity for some material samples. The boundary
cases S15 and S16 remain unsafe in all sampled conditions. Overall, the uncertainty analysis
indicates that material-property variability does not change the general ranking of the
failure scenarios, but it supports the interpretation of S18 as a near-yield condition.

Table 14. Material-property uncertainty results for representative scenarios at 200 N.

Scenario Case Type δmax 95% Uncertainty
Range (mm)

SF 95% Uncertainty
Range P(SF ≤ 1) (%)

S0 Baseline 1.43–1.72 1.95–2.37 0.00
S8 Single-leg failure 1.69–2.04 1.64–1.98 0.00

S13 Two-leg failure 9.06–10.96 1.30–1.57 0.00
S18 Near-critical multi-leg failure 4.43–5.36 0.93–1.13 35.61
S15 Left-side group failure 110.88–134.17 0.24–0.29 100.00
S16 Right-side group failure 80.94–97.92 0.28–0.34 100.00

The uncertainty results in Table 14 show that the baseline, single-leg, and two-leg
representative cases remain safe under the assumed material variability. S18 is the only
near-yield case, with a 35.61% probability of the safety factor falling below unity. The
group-failure cases S15 and S16 remain unsafe under all sampled material conditions.
Therefore, material-property uncertainty does not change the overall scenario ranking, but
it confirms that S18 should be treated as a near-critical case.

3.8. Tilt Angle Analysis

When the chassis tilt angle (θ) values are evaluated across the 21 scenarios, a bimodal
distribution emerges. For single-leg failures, θ values stay within the −0.30◦ to +0.30◦ range,
clustered near the baseline (S0) value of +0.21◦—the geometric noise floor. This indicates
that single-leg failures do not produce a distinguishable effect on macro-structural tilt.

In contrast, multi-leg and group failures produce clear directional information:

• S13 (R5 + R6): θ = +2.35◦ (rightward tilt);
• S14 (L4 + L5): θ = −0.60◦ (slight leftward tilt);
• S18 (L4 + R2 + R6): θ = +1.66◦ (rightward tilt, asymmetric 1L + 2R);
• S20 (L3 + R5 + R6): θ = +2.35◦ (rightward tilt);
• S15: θ = −49◦ (severe leftward tilt, group failure);
• S16: θ = +30.6◦ (severe rightward tilt, group failure).

The tilt-angle results represent the operational manifestation of symmetry breaking:
a small tilt—undetectable by eye—in single-leg failures becomes a clear directional tilt in
multi-leg and especially group failures. This behavior, considered together with stress-
based metrics (RI, AI), highlights that failure severity must be characterized by multiple
indicators rather than by a single metric. Figure 15 presents the chassis tilt angle (θ) values
for the 21 failure scenarios under 200 N loading. Positive θ values indicate a rightward tilt,
while negative values indicate a leftward tilt. The relatively small tilt values observed in
single-leg failure cases remain close to the geometric noise floor of approximately ±0.3◦,
whereas grouped failure scenarios, particularly S15 and S16, result in more pronounced
directional tilt.
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Figure 15. Chassis tilt angle (θ) values for the 21 scenarios under 200 N loading. Positive values
represent rightward tilt; negative values represent leftward tilt. The small values in single-leg
failures reflect the geometric noise floor (~±0.3◦), while group failures (S15, S16) exhibit pronounced
directional tilt.

3.9. Modal and Harmonic Analysis

In the literature, the dynamic analysis of Jansen-type mechanisms has mostly ad-
dressed kinematic and rigid-body aspects, such as coupler-curve generation, foot-trajectory
planning, and motor-torque estimation [8,10,12]. The structural-dynamic response of the
load-bearing members has received less attention. To examine this aspect and to check
the suitability of the quasi-static assumption used in this study, a modal and harmonic
analysis was carried out on the baseline configuration. The first six natural frequencies
were obtained using the baseline support conditions (Table 15, Figure 16). The fundamental
frequency is 21.29 Hz, and the higher modes lie between 35.5 and 50.4 Hz. The nominal
operating frequency of the mechanism is approximately 1.1 Hz, which is well below the
fundamental frequency.

Table 15. First six natural frequencies of the baseline twelve-legged structure.

Mode Natural Frequency Total Deformation

1 21.293 46.584
2 35.529 163.33
3 40.483 256.12
4 41.705 273.97
5 45.033 268.5
6 50.357 337.13

A mode-superposition harmonic analysis was then performed over 0–60 Hz under
the baseline load (Figure 17). In the low-frequency range, the deformation response is
nearly constant—varying by less than 1% between 1 and 5 Hz—and the response at the
operating frequency is close to the static value. The first response peak occurs near 21 Hz,
in agreement with the modal result. Within the operating range considered here, these
results indicate that dynamic amplification is small, which supports the use of the quasi-
static assumption for the present analysis. A more complete dynamic study, including
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impact loading at foot-ground contact and fatigue under cyclic loading, would require
explicit-dynamics and fatigue-specific methods and is left for future work.

Figure 16. First six natural frequencies of the baseline twelve-legged structure compared with the
nominal operating frequency (1.1 Hz). The fundamental frequency (21.29 Hz) exceeds the operating
frequency by approximately 19×, confirming the absence of resonance excitation during walking and
supporting the quasi-static analysis assumption.

Figure 17. Harmonic-response deformation of the baseline mechanism over 0–60 Hz. The first
resonance peak occurs near 21 Hz, while the response remains nearly constant around the operating
frequency of 1.1 Hz.
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3.10. Performance of the ANFIS Surrogate Model

The ANFIS models were trained on the maximum von Mises stress (σmax) and safety
factor (SF) outputs using the configuration defined in Section 2.7. The boundary scenarios
S15 and S16 were excluded from the training set; the remaining 190-case dataset was split
into 70% training (133 cases) and 30% test (57 cases). The performance metrics measured
on the test set are presented in Table 16, and the test performance is shown in Figure 18.

Table 16. ANFIS performance metrics on the test set.

Output R2 RMSE MAE MAPE (%)

σmax (MPa) 0.817 3.488 2.198 16.19
SF 0.936 1.106 0.743 14.55

 
Figure 18. Test-set performance of the ANFIS surrogate model: (a) predicted versus actual values for
σmax (R2 = 0.817); (b) predicted versus actual values for SF (R2 = 0.936). The dashed line represents
the ideal y = x line.

The ANFIS-SF model produced highly accurate predictions with R2 = 0.936, represent-
ing acceptable performance for industrial applications requiring real-time estimation of
the structural safety factor. The ANFIS-σmax model achieved a more modest R2 = 0.817;
this is due to σmax spanning a wide range of values (2.3–48.5 MPa) and the model losing
accuracy near the boundary scenarios.

The ANFIS inference time was measured as 262.6 µs. By comparison, an equivalent
FEA solution requires approximately 5–8 min. This makes the ANFIS model approximately
1.14 × 106 to 1.83 × 106 times faster than FEA. This speedup factor clearly supports the
model’s practical applicability for real-time fault diagnosis, digital twin applications, and
online structural health monitoring.

3.11. Comparative Method Performance

The prediction performance of the ANFIS model was compared against three baseline
machine learning methods: Linear Regression, Polynomial Regression (degree 2), and
Multilayer Perceptron (MLP) neural network. All models were trained on the same 70/30
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train–test split with the same four input features (LoadN , N f ailed, Asymmetry, Failuretype).
The R2 values obtained on the test set are compared in Table 17 and Figure 19.

Table 17. Comparison of machine learning methods on the test set (R2 values).

Method R2 (σmax) R2 (SF)

Linear Regression 0.8531 0.7369
Polynomial Regression 0.8531 0.9294

Multilayer Perceptron (MLP) 0.8019 0.9411
ANFIS 0.8170 0.9358

Figure 19. Test-set R2 comparison between ANFIS and three baseline machine learning methods.
Separate results are shown for the σmax and SF outputs.

The comparison results reveal three important findings:
Finding 1—Comparable performance of MLP, Polynomial, and ANFIS on SF predic-

tion: For SF, MLP (R2 = 0.941), Polynomial Regression (R2 = 0.929), and ANFIS (R2 = 0.936)
all deliver similarly high performance. This is explained by the smooth relationship be-
tween SF and the inputs; such relationships can be modeled effectively by both polynomial
and fuzzy inference systems. Linear Regression, in contrast, lags at R2 = 0.737, indicating
that nonlinear models are needed for SF prediction.

Finding 2—All methods within R2 ≈ 0.80–0.85 for σmax prediction: For σmax, Linear
and Polynomial Regression jointly achieve the highest performance (both R2 = 0.853), while
MLP (R2 = 0.802) and ANFIS (R2 = 0.817) lag slightly. All methods exceed the acceptable
threshold of R2 = 0.80, confirming that the relationship between σmax and the inputs is
largely linear.

Finding 3—Practical advantage of ANFIS: Although Polynomial Regression and MLP
achieve slightly higher numerical R2, the rule-based structure of ANFIS allows the results
to be interpreted and lets operators verify the model output against human understand-
ing. This feature offers a significant advantage in safety-critical engineering applications
compared with the black-box MLP or many-parameter polynomial regression models.
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Moreover, since all four methods deliver performance in the 0.93–0.94 range for SF pre-
diction, the models are practically equivalent for industrial use; the choice should there-
fore be guided by practical criteria such as interpretability (ANFIS) or computational
speed (Linear).

4. Discussion
This section evaluates the numerical findings presented in Section 3 within the context

of structural mechanics, symmetry-breaking theory, and the literature on machine learning-
based surrogate modeling, along two main axes: interpretation of the symmetry-breaking
mechanism and the hybrid ML framework, and the limitations of the study.

4.1. Evaluation of Symmetry Breaking and the Hybrid ML Framework

The findings of this study show clearly that symmetry breaking in multi-legged
walkers is not a linear process: as the number of failed legs increases, the structural
response undergoes a threshold-based transformation. Single-leg failures stay at LOW risk
(RI < 0.20); two-leg failures approach the MEDIUM–HIGH threshold; three-leg failures
cross the CRITICAL threshold (S18: RI = 1.13); and four-leg failures move beyond the
linear-elastic assumption (S15–S16). This threshold behavior aligns with bifurcation theory
in elastic-structural stability [18,19] and shows that the fault-tolerance limit of multi-contact
walkers lies precisely between two- and four-leg failures. Because all single-leg failure
scenarios result in SF > 2.17, the design carries a sufficient safety margin against single-point
failure; this confirms that the redundancy principle—a key design advantage of multi-
legged walkers—also holds in the structural domain [5]. At the same time, the same-side
adjacent two-leg failure (S13: R5 + R6) reaches HIGH risk, underscoring that motion-
planning algorithms must afford special attention to this failure pattern. The simultaneous
failure of all four legs on one side (S15–S16) represents the structural-failure region; in
practical applications, ensuring that at least two legs on each side remain functional during
pre-operation checks is therefore a critical safety requirement.

An unexpected but scientifically valuable finding of this study is that a tilt angle of
θS0 = +0.21◦ was measured even in the baseline scenario. While this value would be
expected to be zero in a perfectly symmetric design, it indicates that the structure carries
inherent geometric asymmetry—sub-millimeter differences in the CAD design, motor
mounting positions, and mesh discretization—and forms a geometric noise floor that
extends across all single-leg failure scenarios. The tilt angle is therefore not a practical
indicator for single-leg fault detection, but it remains an operational metric that conveys
clear directional information in multi-leg failures (S13: +2.35◦, S15: −49◦, S16: +30.6◦). This
observation highlights the critical importance of the bias-correction step when designing
structural health monitoring algorithms.

The proposed hybrid ML framework moves beyond the conventional “one model fits
all” approach and adopts a paradigm in which the most suitable method is selected per
output. ANFIS achieves high accuracy on outputs that vary smoothly with load—σmax

(R2 = 0.817) and SF (R2 = 0.936)—while direct FEA-based evaluation is preferred for δmax

(which exhibits a bimodal distribution) and θ (which sits close to the geometric noise floor).
The comparative analysis shows that all four methods deliver equivalent performance for
SF prediction (R2 ≈ 0.93–0.94); in this regime, the rule-based interpretability of ANFIS
becomes the decisive selection criterion for safety-critical applications, compared with
black-box MLP or many-parameter polynomial regression models. The inference-speed
results are striking: ANFIS runs approximately 106 times (one million times) faster than
FEA (262.6 µs vs. 5–8 min). This speedup factor provides a practical roadmap for digital
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twin architectures, online structural health monitoring, predictive maintenance, and fault-
tolerant motion planning applications [27].

The comparative results deserve closer interpretation because Polynomial Regres-
sion (degree 2) achieves a marginally higher R2 on σmax (0.853 vs. 0.817) than ANFIS.
This raises a fair question: why select ANFIS when a simpler polynomial model pro-
vides comparable point-prediction accuracy? Four engineering arguments justify this
choice. First, interpretability: each ANFIS rule can be read directly as an IF–THEN con-
dition, allowing engineers and certification authorities to inspect and verify individual
rules—a capability absent from polynomial coefficients [29]. Second, bounded extrapo-
lation: the degree-2 polynomial yields a non-zero stress prediction (≈1.3 MPa) at zero
load, violating the physical boundary condition, whereas ANFIS predictions saturate grace-
fully near the training envelope. Third, rule-level updateability: the ANFIS rule base
can be extended incrementally as new operational data accumulate, without re-fitting all
parameters. Fourth, embedded uncertainty quantification: the firing strength of each rule
provides a natural confidence indicator for out-of-distribution inputs. Furthermore, for the
safety-critical SF prediction—the direct decision variable in real-time diagnosis—ANFIS
(R2 = 0.936) outperforms Polynomial Regression (R2 = 0.929), favoring ANFIS overall. For
practical deployment, the framework can be implemented as an on-board monitoring
system. Strain gauges placed at the stress-concentration sites identified in Section 3 (the
chassis–motor region and the most critical leg connections), together with an IMU for
chassis tilt measurement, provide the four ANFIS inputs in real time. The two trained
fuzzy inference models occupy less than 50 kB and execute in approximately 263 µs on a
microcontroller-class processor, allowing a 100 Hz update rate. The decision logic applies
the safety thresholds directly: a predicted SF below 1.5 triggers speed reduction, while
an SF below 1.0 initiates an emergency stop. This lightweight implementation enables
real-time fault diagnosis and digital twin synchronization on the same class of multi-legged
platforms studied here.

4.2. Limitations and Future Work

The fully fixed support condition constrains all degrees of freedom at the leg-ground
interface, which overestimates the local stiffness relative to the compliant contact of the
real prototype. The reported deformations (e.g., δmax = 1.56 mm for the baseline) should
therefore be regarded as lower bounds. However, because the RI and AI metrics are
based on stress and reaction-force ratios relative to the baseline, this systematic stiffness
bias appears in both the numerator and denominator and largely cancels out; the fault-
tolerance thresholds and scenario rankings are therefore robust to the support assumption.
Compliant-joint modeling with frictional contact is identified as future work.

Several limitations should be considered when interpreting the results of this study.
First, the finite element analyses were performed under the linear-elastic material assump-
tion; this approach is valid for all cases below the PLA yield strength, with Section 3.5 noting
explicitly that the assumption breaks down for the boundary cases S15 and S16. Second,
the main 210-case FEA dataset was generated using an equivalent isotropic PLA model.
Although the orthotropic sensitivity analysis and the Monte Carlo-based material-property
uncertainty analysis showed that the main fault-tolerance conclusions remain unchanged,
full directional coupon testing and experimentally calibrated anisotropic material modeling
remain outside the scope of the present study. Third, the connections were modeled as
bonded contacts; the friction, clearance, and revolute-joint dynamics present at the real leg
joints fall outside the scope of the static analysis.

Fourth and most importantly, a physical prototype of the twelve-legged Jansen walker
examined in this study was produced via 3D printing (Figure 20); however, experimental
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validation of the FEA analyses and the ANFIS surrogate model through load testing was
kept outside the scope of this work. The prototype was built to verify the mechanical
feasibility of the design, the kinematic trajectory behavior, and the motor–leg synchroniza-
tion. The main reasons for this limitation are that the strain-gauge instrumentation and the
high-precision load-cell test rig required for stress measurements were not available in the
current infrastructure, and that the primary objective of the study was the development
of an FEA-based symmetry-breaking characterization framework and a real-time ANFIS
surrogate model. Finally, the external load was applied at a single point (the chassis center)
in a fixed direction (−Y); eccentric loading and dynamic load profiles (such as the periodic
loads occurring during walking) were not examined in this study.

Figure 20. Physical prototype of the twelve-legged Jansen walker. (a) FDM 3D printing of PLA
components on a Creality K1 MAX printer; (b) single-leg linkage with drive gears showing the
eleven Jansen elements; (c) manual assembly of leg linkages using a power drill; (d) assembled
leg plates ready for integration with the chassis; (e) motor and gearbox integration showing both
drive systems; (f) top view showing the internal structure, including motors, gearboxes, and
the symmetric leg arrangement; (g) final prototype—top view with scale reference (ruler in cm);
(h) final prototype—isometric view with scale. The prototype was built to verify mechanical feasibil-
ity, kinematic trajectory behavior, and motor–leg synchronization; structural load testing was outside
the scope of this study.
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Future research will be carried out along the following directions: (i) experimental
validation of the present FEA-ANFIS framework through strain measurements and leg-
reaction-force characterization under controlled loading on the manufactured prototype;
(ii) integration of anisotropic PLA material models into the analysis through experimental
characterization; (iii) trajectory synchronization and dynamic load-profile analysis based
on multi-body dynamics; and (iv) verification of the general applicability of the proposed
framework for different leg counts and geometric configurations.

5. Conclusions
This study presents a comprehensive structural analysis of a twelve-legged Jansen

walker from a symmetry-breaking perspective. A 210-case FEA-based dataset was con-
structed, and a hybrid ANFIS surrogate model was developed for real-time prediction. The
main findings can be summarized as follows:

1. Two new dimensionless symmetry-breaking metrics—the Resilience Index (RI) and the
Asymmetry Index (AI)—are introduced. These metrics allow designers to objectively
compare the fault tolerance of different multi-legged walkers.

2. The fault-tolerance threshold is precisely located between two and four-leg failures
through systematic analysis: single-leg failures remain at LOW risk (RI < 0.20), three-
leg asymmetric failure (S18) crosses the CRITICAL threshold (RI = 1.13), and four-leg
group failures (S15–S16) move beyond the linear-elastic design limit.

3. Same-side multi-leg failures (particularly S13: R5 + R6) result in HIGH risk, under-
scoring that motion-planning algorithms must afford special attention to same-side
leg failures.

4. The concept of a geometric noise floor is defined: the +0.21◦ tilt bias in the baseline
shows that the tilt angle cannot serve as a practical indicator for single-leg fault
detection but provides clear directional information in multi-leg failures.

5. Within the hybrid ML framework, ANFIS models were successfully trained for σmax

(R2 = 0.817) and SF (R2 = 0.936); for δmax and θ, FEA tables are provided. The ANFIS-SF
model provides a promising basis for real-time preliminary fault diagnosis, pending
experimental validation.

6. In terms of inference speed, ANFIS runs approximately 106 times (one million times)
faster than FEA (262.6 µs vs. 5–8 min); this property provides a practical basis for real-
time fault diagnosis, digital twin applications, and online structural health monitoring.

7. Comparative analysis shows that ANFIS, Polynomial Regression, and MLP deliver
comparable performance for SF prediction (R2 ≈ 0.93–0.94); in this regime, the rule-
based interpretability advantage of ANFIS provides the main rationale for selecting it
in safety-critical engineering applications.

8. The manufactured physical prototype (Figure 20) verifies the mechanical feasibility of
the design. The fact that the present analysis is entirely numerical is acknowledged as
the main limitation, and experimental structural validation is therefore the primary
direction for future work. Specifically, the prototype will be instrumented with strain
gauges at the stress-concentration sites identified in this study (the chassis–motor
region and the critical leg connections) and subjected to controlled static load tests
over the 20–200 N range; the measured strains and reaction forces will be compared
against the FEA predictions and used to experimentally validate the Asymmetry
Index. Further research will address (i) integration of anisotropic PLA material models
supported by directional coupon testing, (ii) trajectory-synchronization analysis based
on multi-body dynamics, and (iii) application of the proposed framework to different
leg counts and geometric configurations.
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The proposed FEA-ANFIS hybrid framework is not specific to the twelve-legged
Jansen walker; it is presented as a general methodology that can be applied directly to
fault-tolerance evaluation of other multi-legged robotic systems.
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