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Existing fatigue assessment methods for high-strength steel welded joints
commonly provide isolated life estimates and cannot directly convert residual-
stress effects and prediction uncertainty into operation and maintenance
decisions. To address this limitation, an integrated RS-SN-Stack-RDF-MDP
framework is developed. A total of 864 experimental fatigue-life records are
divided by original test series into training, validation, and held-out test sets, while
196 records from non-overlapping publications are used for external validation.
Residual-stress-corrected S-N life and crack-growth descriptors are combined
with out-of-fold predictions from SVR, RF, XGBoost, LightGBM, and MLP, and fused
by a physics-constrained Ridge meta-learner. Predicted life is converted into
remaining life, damage, and next-period failure probability for five-state average-
cost maintenance optimization. RS-SN-Stack achieves an RMSE of 0.058, MAE of
0.044, MAPE of 3.1%, and R2 of 0.947 on the internal test set, while the

corresponding external results are 0.084, 0.064, 4.4%, and 0.879. RDF-MDP
opportunistic maintenance reduces the long-term average cost from 168.4x103 to
126.5x103, failure penalty cost from 39.4x103 to 20.8x103, and average
downtime from 19.2 to 11.8 h. The framework establishes a continuous
computational link from residual-stress-corrected fatigue prediction to
maintenance action selection. Its validated applicability is currently limited to the
investigated high-strength steel grades, joint geometries, and loading ranges.

© 2026 MIM Research Group. All rights reserved.

1. Introduction

High-strength steel (HSS) welded structures are widely used in bridges, rail transit, construction
machinery, marine equipment, and large load-bearing components. Safety in service of such
structures is mainly dependent upon the fatigue performance of welds. Welded joints typically
possess discontinuous geometries, heterogeneous microstructures, welding flaws, and higher
levels of residual stress compared to those of their base metals. For HSS welded joints, tensile
residual stress, stress concentration, and defects act in combination to negate the inherent strength
benefits of HSS; thus, an increase in material strength does not always yield a corresponding rise
in joint fatigue strength [1]. Conventional fatigue assessment relies mainly on nominal-stress, hot-
spot-stress, structural-stress, S-N-curve, and fracture-mechanics methods [2]. These methods
provide fatigue-life or damage estimates but generally do not produce the remaining-life
distribution, next-period failure probability, or transition probabilities required for maintenance-
state optimization. While conventional approaches lack this capability, machine learning can
recognize intricate nonlinear relations among material properties, geometry, loading conditions,
residual stresses, and fatigue life information from experiments and can enhance its accuracy and
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generalization ability using ensemble learning techniques, support vector regression, trees, and
neural networks with physics constraints [3-4]. Combining residual-stress-corrected master S-N
curves and crack propagation mechanisms with machine learning models retains the physical
interpretability of fatigue mechanisms while enhancing life prediction capability under complex
loading conditions.

Fatigue life prediction, however, is not the end goal in engineering applications. For HSS welded
structures in actual service, operators are more concerned with when joints should be inspected,
when repairs are needed, whether maintenance can be synchronized with adjacent components,
and how to balance safety risk, maintenance cost, and downtime losses [5-6]. Enhances the
practicality of HSS welded joint fatigue life evaluation in engineering Operation and Maintenance
(O&M) practice, current research mainly focuses on fatigue life prediction for HSS welded joints
using machine learning-based methodologies, incorporating residual stress while utilizing
remaining life, damage indices, and failure probability as state variables in 0&M optimization
practice.

2. Related Studies

The foundation of fatigue life assessment for HSS welded joints still rests on welding fatigue theory,
local stress methods, and residual stress correction approaches. Ono et al. studied local residual
stress relaxation in high-frequency mechanical impact (HFMI)-treated HSS welded joints under
high peak loads and showed that surface morphology, material properties, and residual stress
jointly govern the distribution of fatigue damage in the joints [7]. Ahola et al. further incorporated
material strength, stress ratio, residual stress, and weld toe radius into the four-parameter fatigue
assessment method (4R method) for evaluating both as-welded and HFMI-treated HSS joints under
variable amplitude loading, demonstrating that residual stress serves as an important parameter
for mean stress correction and local stress characterization [8]. According to Song et al., the
presence of welding defects as well as geometric variations influences the local values of stress
concentration, scatter in fatigue life, and failure probability, suggesting that models for life
prediction must also account for these parameters [9].

Recent studies have moved from isolated S-N fitting toward data-physics hybrid fatigue prediction.
Ghanadi et al. used K-means and DBSCAN to identify local stress peaks automatically, but their
method did not directly predict fatigue life or maintenance states [10]. Schubnell et al. transferred
knowledge from non-welded steel specimens to welded joints, thereby reducing dependence on
expensive welded-joint tests; however, residual stress and initial defects were not included among
the available features [3]. Wang et al. demonstrated that neglecting welding residual stress can
substantially overestimate high-cycle fatigue life, although their damage-coupled thermal-
mechanical calculation remains computationally intensive [11]. Kim et al. embedded fracture-
mechanics features into a physics-informed Gaussian process regression model [12], while Li et al.
developed a modified physics-informed neural network for deck-rib double-sided welded joints
[13]. These hybrid models improve prediction accuracy or physical consistency, but they still treat
fatigue-life prediction as the terminal output and do not convert it into remaining life, cumulative
damage, and next-cycle failure probability states for maintenance optimization. From an 0&M
perspective, fatigue predictions must be converted into decision-oriented health states before they
can support periodic or opportunistic maintenance. Karakaya et al. integrated sensor-based
condition prediction with maintenance routing, but their health indicators were derived from
monitoring data rather than residual-stress-corrected weld fatigue life [14]. Xu et al. formulated
group maintenance as a factored MDP, although the application concerned generic
multicomponent degradation and did not define weld-specific life, damage, and failure states [15].
Chai et al. combined a Gamma degradation process with periodic inspection and component
reassignment [16], while Eggertsson et al. considered incomplete and environment-dependent
maintenance information [17]. These studies provide effective decision mechanisms, but they
generally assume that degradation states are already available rather than constructing them from
a physically corrected fatigue model.
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Taken together, three gaps remain. First, existing fatigue studies rarely combine residual-stress
relaxation, physical baseline life, and nonlinear ensemble correction within one prediction model.
Second, predicted life is seldom converted into remaining life, damage, and next-cycle failure
probability with quantified uncertainty.

Third, maintenance models usually assume state inputs instead of constructing them from fatigue-
mechanism variables. This study addresses these gaps by linking residual-stress-corrected life
prediction with RDF-MDP state construction and periodic maintenance optimization. Its main
contribution is therefore the traceable conversion from fatigue-mechanism inputs to prediction
outputs and subsequently to maintenance actions, rather than the isolated use of either stacked
ensemble learning or an MDP.

3. Corrected Life Prediction and State-Driven Periodic Modeling Method
3.1 Fatigue Life Prediction Model Considering Residual Stress

The fatigue failure of HSS welded joints typically results from a combination of factors including
the weld toe, defects, and the existence of residual tensile stress areas. This variability in fatigue
lives impacts the determination of inspection cycles and maintenance periods. Accordingly, a
fatigue life prediction model incorporating residual stress is first developed. The resulting RS-SN-
Stack model uses a residual-stress-corrected S-N curve to generate the physical baseline life and
then employs stacking learning to correct nonlinear prediction bias.

To avoid disconnecting data-driven prediction from fatigue mechanisms, the model comprises four
sequential steps: residual-stress evolution, equivalent structural-stress correction, physical
baseline-life calculation, and stacking-based fatigue-life prediction. Under cyclic loading, welding
residual stress gradually relaxes or redistributes and must therefore be updated before fatigue-life
correction [18]. The exponential form is obtained by assuming that the residual-stress relaxation
rate is proportional to the current residual stress, z;/dn = —A,z;. Integration gives z;/dn = —1z;,
representing the experimentally observed rapid initial relaxation followed by gradual stabilization
[7,18]. The relaxation relationship at the critical location is given by Equation (1).

zi(n) = zy; exp(— A;n;) 1)

In Equation (1), z;(n) is the residual stress at the critical weld-toe position after n; loading blocks,
and zy ; is the corresponding initial residual stress. The coefficient A; was fitted by nonlinear least
squares using residual-stress measurements before loading, after the first peak load, and after the
first complete loading block for each joint and loading group. For records without repeated
measurements, A; was sampled from the lognormal distribution of the corresponding material-
joint-loading group. Its uncertainty was subsequently propagated through the Monte Carlo analysis
in Section 4.5. Equivalent mean stress and structural stress must be computed from residual stress
before calculating fatigue damage. This correction accounts for the influence of residual tensile
stress on the stress ratio, structural stress amplitude, and fatigue life [19-20]. The expressions are
shown in Equation (2).

(Mi=m; + n;iz;(n)

{ p oo Mi=5i @)
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In Equation (2), M; represents the equivalent mean stress considering residual stress. m;
represents the mean stress induced by external load. n; represents the effective coefficient of
residual stress. R; represents the equivalent stress ratio. S; represents the structural stress
amplitude. E; represents the equivalent structural stress after residual stress correction. y
represents the stress ratio correction factor. The stress relaxation and equivalent structural stress
correction mechanism describe the transfer path of residual stress from the initial welding state to
life calculation variables, as shown in Figure 1.
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Fig. 1. Residual stress relaxation and equivalent structural stress correction mechanism

As illustrated in Figure 1 the attenuation curve is a depiction of the relaxation of residual stresses
when subjected to cyclical loads, further impacting the calculation of corrected mean stresses,
stress ratio, and structural equivalent stress. This corrects the values to account for the effect of
residual stress on the fatigue life of components. This study uses the residual-stress-corrected main
S-N curve to calculate the physical baseline life, as shown in Equation (3).

logN,; =A—BlogE; (3)

In Equation (3), N,; represents the predicted life of the i -th welded joint obtained from the
physical baseline model. A and B represent the main S-N curve parameters. For joints with high
sensitivity to initial defects, crack growth parameters are also included as auxiliary features in
defect characterization. This study constructs the machine learning input matrix and establishes
the life prediction mapping as shown in Equation (4).

y j-acl da
propi = o; Ci(AKg)™

a
gi = [aO,ir ac,irAKth,ir Ci'mierrop,i]
lXi = [ti, wy, Si, My, Ry, Ej, 5, giy Ny i]
yi =log Ni, y; = fo(X;)

In Equation (4), fatigue crack initiation is represented by the weld-toe geometry w;, initial defect
size ag;, and stress concentration embedded in E;. Crack propagation is represented by the critical
crack size a.;, propagation threshold 4Ky, ;, Paris coefficients C; and m;, and the propagation-life
descriptor Nyqp, ;- The measured target N; is the total life to failure and therefore contains both
crack-initiation and crack-propagation stages. The mapping in Equation (4) is implemented using
five heterogeneous base learners and a Ridge regression meta-learner. The standardized feature
vector is supplied to Support Vector Regression (SVR), Random Forest (RF), Extreme Gradient
Boosting (XGBoost), Light Gradient Boosting Machine (LightGBM), and Multilayer Perceptron
(MLP) base learners. Five-fold grouped training produces the out-of-fold prediction vector z; =
[yi(”,yl.(z),y}”,y}‘*),yi(S)]T for each training record. Ridge regression then fuses these predictions
to obtain the logarithmic fatigue-life estimate. Remaining life, damage, and failure probability are
not directly predicted by the meta-learner but are calculated from the fused life estimate using
Equation (6). Ridge regression is selected because its L2 penalty suppresses collinearity among the
five OOF prediction columns while retaining all base learners, which is preferable to using a high-
capacity nonlinear meta-model for the present small dataset. To control both prediction error and
deviation from the residual-stress-corrected physical baseline, the meta-learner is trained using
Equation (5).

(4)

1% 1%
L) = D (= o — ZLBY + = > (Bo + 2 B = log Ny, )? + all B3 ©)

In Equation (5), L(B) represents the training loss. The first term is the data-fitting error, the second
term penalizes deviation from the residual-stress-corrected physical life N, ;, and the third term is
the ridge penalty. The parameters p and a control the physical constraint and coefficient



Jiang / Research on Engineering Structures & Materials x(x) (xxxx) xx-xx

regularization, respectively. Validation-set optimization yielded p =0.20 and a =0.10. The fused
fatigue-life estimate is then converted into the state variables required for O&M, as shown in
Equation (6).

(N; = 107
Ui =N, —n
Ip, =2 (6)
L Nl
n;+7—N;
Pi= &)
\ di

In Equation (6), N; represents the predicted fatigue life. U; represents the remaining life. D;
represents the damage index. P; represents the failure probability within the next cycle. T
represents the cycle increment corresponding to one maintenance period. g; represents the
uncertainty scale of prediction. @ represents the standard normal distribution function.

3.2 Periodic O&M Optimization Model with Life Prediction Output as State
Variable

The complete prediction-maintenance workflow begins with data preprocessing and grouped data
splitting, followed by RS-SN-Stack training and fatigue-life prediction. As summarized in Figure 2,
the prediction outputs are subsequently converted into remaining-life, cumulative-damage, and
failure-probability states, which are supplied to the RDF-MDP model for transition-probability
estimation and maintenance-policy optimization.

Data preprocessing and grouped data splitting

il

RS-SN-Stack training and fatigue-life prediction

il

Life-prediction outputs

L

State construction Decision variables
Inspect
1 2 3 4 5 —
Healthy Mild Warning | High risk || Failure Preventive maintenance
l Repair/replace
Objective .
R No action
Minimize long-term average cost
Inspection Labor Logistics Spare parts
Downtime Production or service loss Failure

Fig. 2. RDF-MDP periodic 0&M model

Figure 2 shows how the outputs of RS-SN-Stack are converted into discrete health states and
subsequently used by RDF-MDP to determine maintenance actions under the long-term average-
cost objective. This model uses remaining life, cumulative damage, and failure probability to
represent the health states of welded joints and determines the optimal maintenance strategy by
accounting for inspection, labor, logistics, spare parts, downtime, production or service loss, and
failure costs. Compared with fixed-interval maintenance, this model adjusts inspection and repair
timing according to the real degradation state of welded joints. It also triggers opportunistic
maintenance when multiple joints fall within similar risk levels. The RDF-MDP assumes that the
health state is observable at each inspection; the next state depends only on the current state and
maintenance action; transition probabilities remain stationary within the analyzed horizon;
maintenance effects are realized before the next inspection; and joints degrade conditionally
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independent of one another, except for shared logistics and downtime during opportunistic
maintenance. The state and action spaces are finite. These assumptions permit estimation of a
stationary average-cost policy but may be violated when inspection error, environmental drift, or
strong load redistribution exists. This study defines the health states of welded joints based on the
damage index and failure probability, as shown in Equation (7).

Ui
x; = max{hy (), ho (D), hp (P}, i € {1,23,45) (7)

In Equation (7), x; represents the health state of the i -th welded joint. The five states were defined
as follows: healthy, U;/t >8, D; <0.20, and P; <0.02; mild, 5< U;/t <8, 0.20< D; <0.40, or
0.02<P;<0.05; warning, 3<U; /1 <5, 0.40<D;<0.65, or 0.05<P;<0.10; high risk, 0<U; /t <3, 0.65<D;<1,
or 0.10<P;<0.25; and failure, U;<0, D;21, or P;20.25. The maximum-risk mapping prevents a low
value of one indicator from concealing a critical value of another. Under periodic inspection
conditions, the state of welded joints transitions with service cycles and maintenance actions. The
transition probability is shown in Equation (8).

Tap = P(Xig41 =D I xip = a,c, =)

¢ _ Ng+1 (8)
PSS N, +5

In Equation (8), m{, represents the probability that the welded joint transitions from state a to
state b under maintenance action c. x; ; represents the state of the i -th welded joint in the t -th
maintenance cycle. ¢; represents the current maintenance action. NS, is the number of transitions
from state a to state b under action c. Transition counts were obtained from 10,000 degradation
trajectories generated using Equation (6), the empirical out-of-fold residual distribution, and the
action-dependent recovery rules. Laplace smoothing with a pseudo-count of 1 was used to avoid
zero-probability transitions. Each row of the resulting transition matrix was normalized to one. To

describe the economic effects of different maintenance actions, a single-cycle 0&M cost function is
defined, as shown in Equation (9).

D

Ce = cily + Ly + ¢yGy + ¢ By + cqTE" + Q% + ¢ F, (9)

In Equation (9), C; represents the total cost in the t -th cycle. I; represents the inspection action
variable. L, is the required labor time. G, is the number of logistics mobilizations. B; represents
spare-part consumption, T2°"™ is downtime, Q1°** denotes production or service loss, and F, is the
failure event. All costs were converted to 103 monetary units using the same price basis. For the
numerical case study, normalized scenario coefficients were adopted on a common price basis: 2.4
per inspection, 0.12 per labor-hour, 3.6 per logistics mobilization, 6.5 for preventive spare parts,
18.0 for replacement parts, 1.2 per downtime hour, 0.8 per service-loss hour, and 28.0 per failure
event. Finally, the RDF-MDP periodic 0&M model is formulated with the objective of minimizing
long-term average cost, as shown in Equation (10).

T—-1
1
Jm) = lim =, ZO ct] (10)
t=

In Equation (10), /() represents the long-term average cost under policy «. E; represents the
expectation operator. To determine the cost-optimal maintenance action under uncertain state
transitions, Figure 3 presents the solution structure of the Markov decision process. Figure 3 shows
how the Markov decision process technique can be used for finding an optimal maintenance
strategy. System state vector involves a number of different states of healthiness of welded joints.
The discrete states are shown using circles, while the actions include inspection, preventive
maintenance, and repair activities. The cost-minimal solution for a stochastic environment can be
found via Bellman equations. In solving the optimal maintenance strategy, the Markov decision
process is used to describe the recursive relationship among state, action, and cost, as shown in
Equation (11).
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Fig. 3. Markov decision process for optimal maintenance strategy
J*+ h(x) = min C(x,c)+ Z P(x'|x,c) h(x") (11)
ce
X!

In Equation (11), /* is the optimal long-term average cost, h(x) is the relative value function, and
" (x) is obtained from the minimizing action. x represents the system state vector composed of
multiple welded joint health states. A represents the set of available actions. C(x, c) represents the
immediate cost. P(x'|x, ¢) represents the transition probability from the current state to the next
state x . In multi-welded-joint structures, the opportunistic maintenance trigger rule can be further
expressed as a state threshold constraint, as shown in Equation (12).

0, Di < q1

1, a@=D<q,
2, 2=D;<q3
3, DizqzorP, =27
In Equation (12), c; represents the maintenance action level of the i -th welded joint: 0 means no
maintenance, 1 means routine inspection, 2 means preventive maintenance, and 3 means forced
repair or replacement. r represents the failure probability threshold. If one joint triggers forced
maintenance and adjacent joints satisfy q; < D; < g3, opportunistic maintenance can be executed
within the same downtime window, reducing additional cost caused by repeated shutdowns and
disassembly. When multiple welded joints have overlapping maintenance windows, the coupling
logic of opportunistic maintenance triggering and cost is shown in Figure 4.

¢, = (12)

- Trigger rule
Joint status
R 2 . 0) Di < ql
Joint i Di Pi Action
q 5 5 C:l’ 0, <D <aq,
! ! L | " 12, 9,<D <q,
2 D2 P2 b2 3, D;>g,orP>r

Joint 1 Joint 2 Joint n

Cost coupling effect

ooo
=noon

One-time % Shared X Reduced =) I
Lower total

shutdown scaffolding dismantling
maintenance cost

Fig. 4. Coupling mechanism of opportunistic maintenance triggering and cost

In Figure 4, the health states of each joint are monitored, and thresholds define neighboring joints,
low-risk joints, and triggering joints. The model provides forced maintenance for critical joints,
along with opportunistic maintenance for adjacent joints in the warning state in the same
shutdown interval. The cost-comparison module evaluates whether coordinating eligible repairs
within the same shutdown window reduces repeated mobilization and downtime costs without
exceeding the prescribed risk threshold. For a representative joint with an initial residual stress of
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325 MPa, A=0.06, and ten loading blocks, Equation (1) yielded a relaxed residual stress of 178.3
MPa. Equations (2)-(5) subsequently produced an equivalent structural stress of 181.2 MPa, a
physical baseline life of 1.06x106 cycles, and a fused fatigue-life estimate of 1.20x106 cycles. With
7.20x105 accumulated cycles, a maintenance interval of 5.0x104 cycles, and a prediction
uncertainty scale of 2.94x105 cycles, Equation (6) yielded a remaining-life ratio of 9.6, cumulative
damage of 0.60, and next-period failure probability of 0.072. According to Equation (7), the
maximum-risk mapping assigned the joint to the warning state, after which Equations (8)-(12)
were used to evaluate the preventive-maintenance action.

4. Results Analysis and Model Validation

4.1 Residual Stress Correction Propagation Analysis

The numerical experiments were conducted on Ubuntu 22.04 LTS using an Intel Core i9-13900K
CPU, an NVIDIA RTX 4070 GPU with 12 GB memory, and 64 GB RAM. Fatigue-life records were
collected from the NIMS Metallic Materials Database and screened from published literature on
welded-joint fatigue [21-22]. After duplicate records, run-outs, and entries lacking material grade,
joint geometry, loading condition, or fatigue life were removed, 864 experimental records were
retained. The dataset covered S500, S690, S700, S780, S800, and S960 steels; butt, cruciform,
longitudinal-attachment, and transverse-attachment joints; and GMAW, SMAW, SAW, and FCAW
processes. Constant- and variable-amplitude loading conditions were included, with stress ratios
ranging from -1.0 to 0.5. Initial residual stress ranged from -65 to 410 MPa. Among the 864 records,
286 contained directly measured residual stress obtained by X-ray diffraction, hole-drilling, or
neutron diffraction, whereas the remaining 578 values were reconstructed from the reported test-
series statistics.

Table 1. Data composition and computational settings

Category Setting

864 experimental fatigue-life records: S500, 118; S690, 156; S700,

144; S780,112; S800, 178; S960, 156
Butt, 236; cruciform, 198; longitudinal attachment, 224; transverse
attachment, 206
GMAW, 312; SMAW, 168; SAW, 214; FCAW, 170
Constant amplitude, 603; variable amplitude, 261; stress ratio, -1.0-
0.5
-65-410 MPa; 286 measured records and 578 test-series-based
reconstructed records
Grouped by original test series: training, 604; validation, 130; held-
out test, 130
196 experimental records from non-overlapping publications; no
record was used for training or hyperparameter selection
Continuous-variable scaling and categorical encoding were fitted

Internal dataset

Joint type
Welding process

Loading condition
Residual stress
Data partition

External validation

Preprocessing using the training set only
SVR RBF kernel, C =64,y =0.03125, £ =0.02
RF 600 trees, maximum depth 12, minimum leaf size 2, feature ratio
0.70
XGBoost 700 trees, maximum depth 4, I%agr;mg rate 0.035, subsample ratio
LightGBM 800 trees, 31 leaves, maximum depth 8, learning rate 0.030
MLP 128-64-32 hidden units, ReLU, learning rate 10-3, batch size 32,

maximum 300 epochs
Ridge regression, a =0.10, physics weight p =0.20, five-fold grouped

Meta-learner
Computational cost

RDF-MDP

OOF predictions
Complete training, 41.8 s; inference, 2.7 ms/sample; peak GPU
memory, 1.84 GB
Five health states, four maintenance actions, average-cost value
iteration, convergence tolerance 10-5
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The prediction dataset therefore comprised 864 experimentally measured fatigue-life targets,
whereas the residual-stress relaxation values and maintenance-state trajectories were used only
as model-derived variables. The detailed data composition and computational settings are
summarized in Table 1. Records originating from the same specimen series, publication, or S-N
curve were assigned to the same subset. Scaling, categorical encoding, residual-stress
reconstruction, and hyperparameter selection were completed within the training data, thereby
preventing information from the validation and test sets from entering model fitting.
Hyperparameters were selected by Bayesian optimization with 100 trials on the validation set. The
optimization objective was the mean RMSE obtained by five-fold grouped cross-validation within
the training set. For the MLP, early stopping was activated when validation RMSE did not decrease
for 30 consecutive epochs. The independent test set and the external dataset were evaluated only
after all model and hyperparameter choices had been fixed. On the hardware listed in Table 1, five-
fold OOF training of the complete framework required 41.8 s of CPU time, reached a peak GPU
memory of 1.84 GB, and consumed 2.7 ms for single-record inference. When the training set was
duplicated to 1,728 records for the scaling test, training time increased to 79.6 s, whereas inference
time remained below 3.0 ms per record. The five base learners can be trained in parallel, but OOF
generation increases training cost approximately in proportion to the number of folds. The
framework is therefore suitable for periodic batch updating, although large multi-joint systems
require sparse-state or factored-MDP implementations to control state-space growth.

To verify how residual stress correction propagates through the foundational life inputs, this study
analyzed the cyclic evolution of z;(n), M;, R;, and E;, as shown in Figure 5.

350 280
300 F 260 [-
250 | 240
< —_
o < 220 -
200 o
2 S 200f
%150 i S180f
100 160 -
50 140 -
0 0 2 4 6 8 10 120 0 2 4 6 8 10
Service cycle Service cycle

(a) Relaxation evolution of residual stress with service cycles  (b) Cyclic response characteristics of equivalent mean stress

03r 200 |
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02k 9
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00F 7 180 -
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02 0 2 4 6 8 10 165 0 2 4 6 8 10
Service cycle Service cycle
(c) Reconstruction trend of equivalent stress ratio (d) Corrected transfer result of equivalent structural stress

Fig. 5. Effect of residual stress correction on foundational life quantities

As shown in Figure 5, as service cycles increased, the critical-point residual stress z;(n) predicted
by RS-SN-Stack showed a continuous declining trend across all three loading cases: Case A
decreased from 325 MPa to 55 MPa, and Case C from 220 MPa to 40 MPa. The equivalent mean
stress M; decreased in tandem with residual stress relaxation, converging from an initial range of
220-268 MPa to 137-145 MPa. The value of the equivalent stress ratio R; became increasingly
negative as the tensile nature of the residual stress made its impact on the mean stress decrease.
The equivalent structural stress E; also decreased from the range of 186-197 MPa to 168-171 MPa.
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This demonstrates that residual stress affects master S-N curve life predictions through mean
stress, stress ratio, and equivalent structural stress.

4.2 Life Prediction Performance Comparison

This study then compared the predicted master S-N curves of different models against measured
data, as shown in Figure 6.
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Fig. 6. Comparison of master S-N curves across different models

In Figure 6, the scatter point predictions of both S-N and RS-corrected S-N showed large deviations
compared to the measured master S-N curve, whereas GPR, CatBoost, and FT-Transformer resulted
in curves close to the measured one. In contrast, the predictions of the proposed model matched
well with the measured master S-N curve, indicating that the proposed model achieves higher
prediction accuracy while consistently obeying the physical law that fatigue life increases as stress
amplitude decreases. These fitting results indicate that combining a physics-based reference life,
residual stress correction, and stacking ensemble learning can simultaneously reduce local
prediction error and slope deviation of the S-N curve. RMSE, MAE, MAPE, and R2 were calculated
on the held-out internal test set and the independent external dataset. The benchmark set
comprised the [IW and Eurocode 3 design curves, the fatigue-indicator-based physics-informed
neural network reported in, and the Bayesian neural network reported in [13, 23-25]. Across five
repetitions of five-fold grouped cross-validation, RS-SN-Stack achieved an RMSE of 0.064+0.006,
an MAE of 0.049+0.004, a MAPE of 3.42%=+0.31%, and an R2 0f 0.938+0.008; the narrow variations
indicate stable performance across source-level partitions. The final test results are summarized in
Table 2.

In Table 2, RS-SN-Stack achieved an RMSE of 0.058 and an R2 of 0.947 on the internal test set. On
the independent external dataset, its RMSE increased to 0.084 and R2 decreased to 0.879,
indicating a measurable effect of differences in material grade, weld geometry, and loading
distribution. Nevertheless, it retained lower errors than the deterministic, PINN, and BNN
comparison methods. The external result supports transfer across non-overlapping data sources
but does not imply unrestricted generalization to all welded materials.

Under the same internal test split, RS-SN-Stack achieved an RMSE of 0.058, representing reductions
of 37.0% and 32.6% relative to the reimplemented PINN model (0.092) and BNN model (0.086),
respectively [13, 23]. Recent physics-informed GPR, modified PINN, and BNN studies have shown
that incorporating fatigue mechanisms or probabilistic learning can improve physical consistency
and uncertainty representation under limited-data conditions [12-13,23]. The present results
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further indicate that heterogeneous model fusion can reduce prediction error while retaining the
residual-stress-dependent fatigue trend. Unlike existing studies that terminate at fatigue-life
prediction, the proposed framework converts the prediction outputs into remaining-life,
cumulative-damage, and failure-probability states for maintenance optimization. However, direct
numerical comparison with published errors should be interpreted cautiously because joint
geometries, stress ratios, loading spectra, and dataset partitions differ among studies.

Table 2. Internal and external fatigue-life prediction results

Dataset Model RMSE MAE MAPE (%) R?
Iw 0.244 0.193 13.4 0.122
Eurocode 3 0.236 0.187 129 0.151
Baseline S-N 0.230 0.184 12.6 0.176
RS-corrected S-N 0.193 0.151 109 0.420
Internal test GPR 0.125 0.098 6.7 0.759
CatBoost 0.104 0.082 5.9 0.833
FT-Transformer 0.110 0.087 6.2 0.811
PINN 0.092 0.071 49 0.868
BNN 0.086 0.066 4.5 0.884
RS-SN-Stack 0.058 0.044 3.1 0.947
w 0.262 0.208 14.5 0.096
Eurocode 3 0.251 0.199 13.9 0.128
External CatBoost 0.139 0.110 7.5 0.702
PINN 0.124 0.096 6.6 0.758
BNN 0.117 0.090 6.1 0.783
RS-SN-Stack 0.084 0.064 4.4 0.879

4.3 Ablation and Interpretability Analysis

To quantify the contributions of residual stress, physical baseline life, and physical consistency, the
ablation variants were evaluated on the same held-out test set used in Table 2. SHAP importance,
dependence, and interaction analyses were then applied to the complete model, with the results
shown in Figure 7.

In Figure 7(a), adding residual stress, physical baseline life, and the physics-constrained loss
successively reduced RMSE from 0.168 to 0.131, 0.104, and 0.058. MAPE decreased from 10.8% to
3.1%, while R2 increased from 0.862 to 0.947. Figure 7(b) shows mean absolute SHAP values of
0.241, 0.200, and 0.161 for equivalent structural stress, structural stress amplitude, and physical
baseline life, respectively. In Figure 7(c), increasing equivalent structural stress from 168 to 198
MPa reduced the predicted logarithmic life by approximately 0.31. Figure 7(d) further shows that
residual stress above 220 MPa strengthened the negative contribution of equivalent structural
stress, indicating that the two stress variables acted jointly rather than independently. The meta-
learner comparison produced RMSE values of 0.064, 0.067, 0.062, 0.061, and 0.058 for linear
regression, Lasso, random forest, XGBoost, and Ridge, respectively. Ridge also required only 0.02 s
for second-level fitting, compared with 1.84 s for random forest and 2.16 s for XGBoost. It was
therefore retained because it achieved the lowest error without adding substantial second-level
complexity.

4.4 Maintenance Strategy Comparison

This study then compared different maintenance strategies across three dimensions: cost, risk, and
efficiency. The O&M optimization results are presented in Table 3. Table 3 shows that RDF-MDP
opportunistic maintenance achieved the lowest long-term average cost, failure penalty, average
failure probability, high-risk-state ratio, and downtime among the four strategies. Compared with
fixed periodic maintenance, it reduced the long-term average cost from 168.4x10° to 126.5x103,
the failure penalty from 39.4x103 to 20.8x103, and average downtime from 19.2 to 11.8 h. These
improvements resulted from coordinating adjacent maintenance tasks within a common logistics
mobilization and shutdown window, thereby reducing repeated mobilization and disassembly.
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Fig. 7. Ablation study and variable contribution analysis of RS-SN-Stack

Note: Complete=Residual stress + N, ; +physics-guided loss

Table 3. Comprehensive comparison of periodic maintenance strategies

Failure High-risk Average

Strategy (i %)3) penalty Ave:(e)lg:bfl .:ﬂ}cure state downtime triON([ers
(x103) p Y ratio (h) 88
Fixed 168.4 39.4 0.083 0.214 19.2 0
periodic
Threshold- ) 4 - 30.7 0.061 0.173 16.4 0
based
State-driven 5, 25.9 0.049 0.152 141 0
w/o OM
RD%’&/IDP 126.5 20.8 0.036 0.121 118 8

For industrial deployment, the trained RS-SN-Stack model can receive periodically updated inputs
from load monitoring, weld-toe inspection, and residual-stress measurements. At each inspection
cycle, the model updates fatigue life, remaining life, cumulative damage, and failure probability,
after which RDF-MDP selects no action, inspection, preventive maintenance, or
repair/replacement. When the condition in Equation (12) is satisfied, eligible neighboring joints
are coordinated within the same shutdown window. The inference time of 2.7 ms per joint permits
cycle-level deployment without continuous online computation. Nevertheless, field
implementation requires site-specific calibration of residual-stress relaxation and cost coefficients,
and the recommended action should remain subject to engineering review.

4.5 Uncertainty Sensitivity Analysis

To quantify uncertainty propagation, 10,000 Monte Carlo trials were performed by jointly sampling
the residual-stress relaxation coefficient, life-prediction residual, and each row of the Markov
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transition matrix. The effects of physical weight and state discretization were evaluated within the
same analysis, as shown in Figure 8.

In Figure 8(a), increasing the uncertainty scale from 0.04 to 0.16 raised average failure probability
from 0.016-0.032 to 0.096-0.112. The Monte Carlo results in Figure 8(b) yielded a long-term
average cost of 127.1 with a 95% interval of 121.6-133.9, an average failure probability of 0.038
with a 95% interval of 0.030-0.049, and downtime of 12.1 h with a 95% interval of 10.7-13.8 h.
Figure 8(c) shows that p=0.20 provided the minimum test RMSE of 0.058 while reducing the mean
physical-baseline deviation from 0.132 at p=0 to 0.091. Increasing p to 1.00 further reduced the
physical deviation to 0.051 but increased RMSE to 0.079. In Figure 8(d), the three-, five-, and ten-
state systems produced average costs of 132.8, 126.5, and 124.9 and solution times of 0.42, 1.38,
and 9.84 s. The five-state system retained most of the cost and risk improvement of the ten-state
system while avoiding its substantially greater computational cost.
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Fig. 8. Uncertainty propagation and parameter sensitivity of RS-SN-Stack and RDF-MDP

The residual-stress measurement technique affects the input z,; and the fitted relaxation
coefficient A;. X-ray diffraction mainly measures near-surface stress and is sensitive to surface
preparation, whereas hole-drilling provides a depth-dependent local estimate but introduces
limited material removal. Neutron diffraction can characterize through-thickness stress but has
lower accessibility and coarser spatial resolution compared to X-ray diffraction. In the Monte Carlo
analysis, the corresponding measurement standard deviations were set to 20, 30, and 15 MPa,
respectively. Repeating the prediction with these error levels changed test RMSE from 0.058 to
0.061, 0.064, and 0.060, indicating that measurement inconsistency should be propagated rather
than ignored. Because fatigue parameters and residual-stress evolution are material-dependent,
application of the computational framework to aluminum or stainless-steel welded joints requires
material-specific recalibration. Transfer requires recalibration of the S-N parameters, residual-
stress relaxation distribution, elastic-plastic stress-ratio correction, and crack-growth coefficients.
Aluminum joints additionally require explicit treatment of the absence of a conventional fatigue
limit, whereas stainless-steel joints require material-specific cyclic hardening and mean-stress
parameters. Accordingly, the reported predictive and maintenance performance applies to the HSS
welded joints represented in the present datasets. Within the validated HSS domain, prediction
robustness was also evaluated across different stress-ratio ranges and loading spectra, as
summarized in Table 4.
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Table 4. Prediction robustness under different stress ratios and loading spectra

Grouping variable Level Samples RMSE MAE MAPE (%) R?2
Stress ratio R<0 238 0.061 0.046 3.4 0.941
Stress ratio 0<R=<0.2 412 0.056 0.043 3.0 0.951
Stress ratio R>0.2 214 0.067 0.052 3.8 0.927

Loading spectrum Constant amplitude 603 0.057 0.044 3.1 0.949

Loading spectrum Variable amplitude 261 0.066 0.051 3.7 0.932

In Table 4, the error increase at R>0.2 and under variable-amplitude loading indicates that high
mean stress and load-sequence variation remain the principal loading-related sources of
generalization error. Nevertheless, all subgroup RMSE values remained below 0.07.

5. Summary and Outlook

To connect fatigue-life prediction with periodic O&M decisions for high-strength steel welded
joints, an integrated RS-SN-Stack-RDF-MDP framework has been developed. Residual-stress
relaxation, equivalent structural stress, physical S-N life, weld geometry, and crack-initiation and
propagation descriptors were first combined to construct fatigue inputs. Five base learners
generated grouped out-of-fold predictions, which were fused by a physics-constrained Ridge meta-
learner. The fused life estimate was subsequently converted into remaining life, cumulative
damage, and next-period failure probability and supplied to a five-state average-cost Markov
decision model.

The internal held-out test results show that RS-SN-Stack achieved an RMSE of 0.058, MAE of 0.044,
MAPE of 3.1%, and R2 of 0.947. Five repetitions of grouped cross-validation produced an RMSE of
0.064+0.006, confirming that the result was stable across source-level partitions. On an external
dataset containing 196 records from non-overlapping publications, RMSE increased to 0.084 and
R2 decreased to 0.879. This decrease indicates that differences in steel grade, weld geometry, and
loading distribution remain relevant, although the proposed model retained lower errors than the
PINN, BNN, and deterministic comparison methods. Ablation analysis further showed that residual
stress, physical baseline life, and physical consistency reduced RMSE from 0.168 to 0.058.
Equivalent structural stress, structural stress amplitude, and physical baseline life produced mean
absolute SHAP values of 0.241, 0.200, and 0.161, respectively.

Under the complete cost formulation incorporating labor, logistics, spare parts, downtime,
production loss, and failure penalties, RDF-MDP opportunistic maintenance reduced long-term
average cost from 168.4x103 to 126.5x103, failure penalty cost from 39.4x103 to 20.8x103, average
failure probability from 0.083 to 0.036, and average downtime from 19.2 to 11.8 h. Monte Carlo
propagation yielded a mean failure probability of 0.038 with a 95% interval of 0.030-0.049. The
five-state system retained most of the risk reduction of the ten-state system while requiring
substantially less solution time.

These results demonstrate that residual-stress-corrected fatigue prediction can be converted into
quantitative maintenance states without separating prediction and decision models. Nevertheless,
the present validation is limited to the investigated HSS grades and available residual-stress
measurements. Transfer to aluminum, stainless steel, or long-term field monitoring requires
material-specific recalibration, time-varying transition probabilities, and prospective validation
using continuously observed inspection and maintenance records.

Appendix
Table Al. Meta-learner comparison
Meta-learner RMSE Fitting time (s)
Linear regression 0.064 0.01
Lasso 0.067 0.02
Random forest 0.062 1.84
XGBoost 0.061 2.16
Ridge 0.058 0.02
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