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ABSTRACT

Damage accumulation during fatigue results in progressive stiffness degradation and alteration of dynamic char-
acteristics in fibre-reinforced polymer composites. Employing such dynamic changes is a promising approach 
for structural health monitoring and predicting residual life. In this study, vibration-based fatigue life prediction 
of unidirectional glass fibre reinforced polymer (GFRP) laminates is investigated through experimental modal 
analysis combined with semi-empirical and machine learning models. Five GFRP specimens were fabricated 
and subjected to tensile, fatigue, and modal interrupted fatigue testing. Natural frequencies of the first six vibra-
tion modes were measured at different fatigue damage levels. Existing stiffness degradation models were trans-
formed into frequency-based prediction models using the analytical relationship between stiffness degradation 
and natural frequency. Semi-empirical models proposed by Mao and Wu were fitted using the experimental data 
and validated by predicting the fatigue life of an unseen specimen. In parallel, support vector regression (SVR) 
and Gaussian process regression (GPR) models were developed using normalised modal frequencies as input 
features, where four specimens were used for training and one specimen for validation. Both single-mode and 
multi-mode prediction frameworks were developed to evaluate the effect of modal feature selection on predic-
tion accuracy. Results indicate that higher modes exhibit greater sensitivity to fatigue damage, with Mode 4 
providing the most reliable predictions. Among machine learning approaches, the single-mode GPR (GPR-S) 
model achieved the best predictive performance with a coefficient of determination (R2) of 0.845 and a rela-
tive error (RE) of 17.57%. The semi-empirical Mao model demonstrated superior prediction capability with 
significantly lower relative error (2.88%), even with the truncated fatigue data. The study highlights that modal 
feature sensitivity plays a more critical role than algorithm complexity and demonstrates that integrating modal 
analysis with physics-based and data-driven approaches provides a reliable framework for residual fatigue life 
prediction of composite structures.
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INTRODUCTION

Fibre-reinforced polymers (FRP) are widely 
employed in many industrial structures, such as 
aerospace, marine, and civil engineering, due to 
their high specific strength, high specific stiff-
ness, and corrosion resistance [1–2]. Among 
them, Glass fibre reinforced polymers (GFRP) 
are extensively employed in load-carrying appli-
cations. When these structures are exposed to 
fatigue loading, due to progressive damage accu-
mulation, the structure will start to lose its stiffness 
progressively, and ultimately lead to final failure 
[3–6]. Unlike metals, the fatigue degradation in 
composites is highly complex due to its damage 
mechanisms such as matrix cracking, fibre-matrix 
debonding and delamination [7–8]. Therefore, 
accurate evaluation of structural degradation is 
essential to ensure the reliability and integrity of 
the composite structures during service. Moni-
toring the evolution of damage and estimating 
the residual life of the structure is an important 
research problem in structural health monitoring 
(SHM) [9]. Conventionally, the fatigue life esti-
mation was carried out with stress-life curves and 
a residual stiffness degradation model obtained 
through extensive experimental fatigue testing 
[10–11]. The disadvantages of these approaches 
are the requirement of large experimental data-
sets and the inability to provide real-time infor-
mation about the structural condition during ser-
vice. As a solution for this, vibration-based SHM 
techniques gained considerable attention from 
the research community [12]. These techniques 
exploit dynamic properties of the structure, such 
as natural frequencies, to assess the condition of 
the structure because these dynamic properties 
are directly influenced by the stiffness changes 
induced by fatigue damage [13].

Several studies have proven that natural fre-
quency degradation can serve as an effective indi-
cator of fatigue damage progression in composite 
structures [14]. When stiffness decreases due to 
fatigue damage accumulation, the natural fre-
quency will also reduce according to the vibra-
tion theory. Therefore, by monitoring the modal 
frequency reduction, it is possible to interpret 
the damage state and estimate the residual life of 
the structure. Experimental modal analysis com-
bined with fatigue testing has been used widely 
to establish the relationship between stiffness 
degradation and frequency reduction in compos-
ite structures [15]. To establish this relationship, 

semi-empirical stiffness models have been devel-
oped to describe the evolution of damage accu-
mulation under fatigue loading [16]. Among 
them, the models proposed by Mao, Wu, Yang 
and Zhong are widely used formulations to rep-
resent the normalised stiffness as nonlinear func-
tions of normalised fatigue life [13]. Mao et al. 
proposed an empirical fatigue damage model 
capable of capturing nonlinear stiffness degra-
dation during cyclic loading [17]. Wu and Yao 
further improved this formulation by introducing 
parameters that account for different stages of 
fatigue damage evolution [18]. Similarly, Yang 
et al. developed a degradation model that incor-
porates nonlinear damage progression to rep-
resent stiffness reduction under fatigue loading 
conditions [19]. Zong and co-workers proposed 
another widely used formulation, which accurate-
ly represents stiffness degradation in composite 
laminates through normalised fatigue parameters 
[20]. Using the analytical relationship between 
stiffness and natural frequency, these models can 
be transformed into frequency-based residual life 
prediction models. Such physics-based models 
provide a practical approach to determine the 
residual fatigue life using vibration data. How-
ever, semi-empirical models primarily rely on 
predetermined functional forms and may not cap-
ture complex nonlinear degradation behaviour or 
specimen-to-specimen variability in experimen-
tal data entirely. With advances in technology, 
Machine learning (ML) methods emerged as a 
powerful tool for fatigue life prediction with an 
inherent nonlinear relationship and limited data-
sets [21-22]. Regression-based ML algorithms 
can learn structural response parameters and 
fatigue life relationships directly without explicit 
physical formulations [23]. Among various ML 
algorithms, support vector regression (SVR) and 
Gaussian process regression (GPR) have shown 
proven capabilities for problems with inherent 
data nonlinearity and limited data availability 
[24]. SVR provides a deterministic regression 
framework based on structural risk minimisation, 
and GPR offers a probabilistic approach capable 
of modelling prediction uncertainty [25]. Recent 
studies have explored alternative indicators for 
fatigue damage characterisation. For instance, 
Wojciech Macek et al. demonstrated that fracto-
graphic features such as fractal dimension can be 
correlated with crack initiation and fatigue life 
in metallic systems. Their work highlights the 
potential of measurable geometric descriptors to 
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infer fatigue damage history and structural degra-
dation. Such approaches conceptually align with 
the present study, where modal frequency degra-
dation is employed as a non-destructive indicator 
for fatigue damage progression [26].

Despite the increasing adoption of vibration-
based structural health monitoring and machine 
learning techniques for fatigue life prediction of 
composite materials, several critical gaps remain 
in the existing literature [27]. First, most studies 
either focus on physics-based stiffness degrada-
tion models or purely data-driven machine learn-
ing approaches, with limited efforts toward a direct 
and systematic comparison using experimen-
tally obtained modal degradation data. Second, 
although natural frequency reduction is widely 
recognised as an indicator of stiffness degradation, 
the explicit transformation of established stiff-
ness-based fatigue models into frequency-based 
prediction frameworks has not been thoroughly 
validated using experimental fatigue-modal data-
sets. Third, the influence of modal order and the 
relative effectiveness of single-mode versus multi-
mode vibration features in fatigue life prediction 
remain insufficiently explored, particularly under 
limited experimental data conditions.

To address these gaps, the present study pro-
poses a comprehensive vibration-based fatigue 
life prediction framework integrating experi-
mental modal analysis, semi-empirical degrada-
tion models and machine learning approaches. 
The fundamental novelty of this work lies in the 
unified integration of these components within 
a single experimental and analytical framework, 
enabling direct comparison and deeper insight 
into fatigue damage characterisation. The key 
contributions of this work are as follows: (i) 
transformation and validation of established stiff-
ness degradation models into frequency-based 
fatigue life prediction models using experimen-
tally measured modal data, (ii) development of 
a systematically acquired experimental dataset 
through fatigue interrupted modal testing of uni-
directional GFRP laminates, (iii) detailed inves-
tigation of modal sensitivity across the first six 
vibration modes to identify the most informative 
damage sensitive features, (iv) comparative eval-
uation of single-mode and multi-mode machine 
learning frameworks (SVR and GPR) under 
limited data availability and (v) benchmarking 
of physics-based and machine learning models, 
demonstrating the relative effectiveness of modal 
feature selection over algorithm complexity in 

fatigue life prediction. Unlike existing studies 
that treat these approaches independently, the 
present work provides a consolidated framework 
that combines experimental validation, modal 
feature analysis, and model comparison, thereby 
offering new insights into the interplay between 
physical modelling and data-driven techniques 
for fatigue prognosis.

MATERIAL AND METHODS

Specimen fabrication

GFRP laminates were manufactured through 
the hand layup technique with S-glass fibre as 
reinforcement and epoxy matrix system (LY556 
with HY951). The laminate stacking sequence is 
[0°]₁₀, representing a unidirectional configuration 
with ten plies aligned along the loading direc-
tion. Unidirectional laminates will result in fibre-
dominated stiffness behaviour during fatigue and 
will establish a reasonable relationship between 
stiffness reduction and vibration behaviour under 
cyclic fatigue loading. During the process, the 
glass lamina was manually impregnated with 
epoxy matrix and stacked one over another to 
obtain the laminate in the form of a plate with the 
required thickness. The laminates were prepared 
over a flat mould and kept in the vacuum bagging 
to remove entrapped air and excess resin. Then the 
vacuum bagged plates are kept in a hot air oven at 
a curing temperature of 80 °C at a moderate heat-
ing rate for 3 hours to ensure the proper cross-link-
ing of the epoxy matrix. Then the laminates were 
allowed to cool naturally inside the oven to room 
temperature to reduce the residual stresses. Then, 
specimens with dimensions of 250×25×2 mm 
were taken out along the fibre direction from the 
cured plates in accordance with the ASTM stan-
dards for tensile and fatigue testing, as shown in 
Figure 1. Edges of the specimens were deburred 
and sanded to minimise the machining-induced 
damage. Material characteristics and specimen 
configuration were summarised in Table 1.

Experimental procedures

Composite samples were used for tensile test-
ing in accordance with ASTM D3039 and for 
fatigue testing in accordance with ASTM D3479. 
Further, they were utilised for modal and fatigue-
interrupted modal testing.
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Tensile testing

Tensile testing was performed to determine 
the ultimate tensile strength (σult) of the speci-
mens, which will be used to define maximum 
stress (σmax) in the fatigue test and elastic modu-
lus (E), which will be used as the initial stiffness 
(E0) while establishing the stiffness vs natural 
frequency relationships. Tensile tests were car-
ried out on a servo-hydraulic universal testing 
machine at a constant displacement rate of 2 mm/
min until failure, as illustrated in Figure 2.

Fatigue testing

Tension-Tension fatigue testing was executed 
in the universal testing machine by keeping the 
maximum stress as 0.8 times the ultimate ten-
sile strength of the specimen and the stress ratio 
R as 0.05, as shown in Figure 3. These fatigue 
parameters were chosen to ensure fibre-domi-
nated failure and low-cycle fatigue behaviour. 
Loading was given in sine waveform with a 5 Hz 
frequency to minimise self-heating, and the run-
out time was kept at 106 cycles. All experiments 
were conducted under laboratory ambient condi-
tions (room temperature and humidity), without 
controlled environmental variation. These tests 
were conducted to obtain the fatigue life (N) of 
the composite specimens. Fatigue testing condi-
tions were summarised in Table 1.

Modal testing

Modal testing was conducted on the compos-
ite specimens to determine their first six natural 
frequencies under fixed-free boundary condi-
tions, as shown in Figure 4. The first six bending 
modes of the beam were illustrated in Figure 5. 
A single-axis accelerometer and data acquisi-
tion system (DAS) with an impact hammer was 
used to perform the single-input single-output 
experimental modal analysis through multi-
point excitation to obtain the natural frequencies 
of higher modes. A piezoelectric accelerometer 
with sensitivity 100 mV/g was placed near the 
free end of the cantilever beam and considered 
as the reference measurement point with optimal 
sensitivity for all the modes. Beam was excited 
with an impact hammer with a force transducer 
tip, and both the sensor and accelerometer are 
connected to the data acquisition system. Grid 
points for excitation were marked at 12 equidis-
tant locations along the beam length. Sampling 
frequency and frequency resolution were chosen 
as 10 kHz and 0.6 Hz, respectively. The result-
ing Frequency Response Functions were post-
processed to obtain the natural frequencies. The 
analysis was limited to the first six vibration 
modes, as these modes exhibited clear and well-
separated peaks with a high signal-to-noise ratio 
and good repeatability across specimens. High-
er modes were not considered due to reduced 

Figure 1. Specimen geometry used for experimental testing of unidirectional GFRP laminates

Table 1. Summary of material characteristics, specimen configuration, and fatigue test parameters

S. No Parameter Description S. No Parameter Value

1 Fiber type S-glass 8 Loading type Tension–Tension

2 Matrix Epoxy (LY556 & HY951) 9 Maximum stress 0.8 × σult

3 Stacking sequence [0°]₁₀ 10 Stress ratio 0.05

4 Specimen dimensions 250 × 25 × 2 mm3 11 Frequency 5 Hz

5 Fibre volume fraction 55% 12 Waveform Sinusoidal

6 Fabrication method Hand layup with vacuum 
bagging 13 Environment Room temperature and 

ambient humidity
7 Curing condition 80 °C for 3 hours 14 Run-out limit 10⁶ cycles
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response amplitude, increased modal overlap, 
and higher measurement uncertainty, which can 
affect reliable frequency identification. Further-
more, the experimental setup, involving single-
axis acceleration measurement under transverse 
excitation, predominantly captured bending 
modes, while torsional modes were not distinct-
ly excited or measured. Since bending modes are 
more sensitive to stiffness degradation in unidi-
rectional laminates under tensile fatigue load-
ing, the first six bending modes were considered 
sufficient for the present analysis.

Modal testing under fatigue damage

Fatigue testing and modal testing were per-
formed sequentially on the GFRP laminates to 
establish the relationship between the stiffness 
reduction due to fatigue and the corresponding 
vibrational response in terms of natural frequen-
cies. After the specific fatigue cycles, the speci-
mens were taken out of the fatigue machine and 
tested for natural frequencies. The intervals had 
arrived from the fatigue life (N) of specimens 
obtained from the fatigue test. This test resulted 
in multiple datasets correlating the normalised 
fatigue life (n/N) with the normalised natural fre-
quency (fn/f0). Where n is the actual fatigue cycle, 
fn is the natural frequency after n fatigue cycles, 
and f0 is the natural frequency of the undamaged 
specimen. To ensure consistency across speci-
mens and enable direct comparison of modal 
degradation behaviour, a common fatigue inter-
ruption schedule was adopted for all specimens 
as shown in Table 0. The interruption points were 
defined based on the logarithmic mean fatigue 
life (N = 7.26 × 10³ cycles), which represents the 
central tendency of the fatigue life distribution. 
Fatigue tests were interrupted at predefined cycle 
intervals (0, 500, 1000, 1500, 2000, 2500, 3000, 
3500, 4000, and 5000 cycles), corresponding to 
normalised fatigue life fractions (n/N) as shown 
in Table 2. At each interruption point, modal 
testing was performed on all five specimens and 
repeated five times for each case, resulting in 
multiple measurements capturing specimen-to-
specimen variability. This approach ensured uni-
form sampling of fatigue degradation across all 
specimens while maintaining statistical represen-
tation of variability. Specimens were re-mounted 
using the same clamping configuration for each 
modal test. Care was taken to maintain consis-
tent boundary conditions across repeated mea-
surements. The overall methodology used here 

Figure 2. GFRP specimen used in tensile testing, and the specimen after tensile failure

Figure 3. Fatigue testing setup for tension–tension 
fatigue loading
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for the fatigue life prediction using experimen-
tal modal analysis data through semi-empirical 
and machine learning techniques was illustrated 
using Figure 6.

Semi-empirical fatigue prediction models

Semi-empirical models proposed by Mao 
and Wu are used here to determine the residual 
fatigue life of unidirectional composite speci-
mens based on the natural frequencies obtained. 

Through the analytical relationship between stiff-
ness and natural frequency, the formulation was 
derived from existing stiffness degradation mod-
els. Various progressive damage mechanisms, 
such as delamination, debonding, etc., resulted 
in composite laminates due to fatigue loading, 
collectively degrading the longitudinal static 
stiffness of the composite laminates. Hence, the 
relationship between static stiffness and natural 
frequency can be exploited to quantify the extent 
of fatigue damage.

For a composite specimen, vibrating in bend-
ing, the natural frequency f can be expressed as:
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where:	E is the longitudinal modulus, I is the 
moment of inertia, ρ is the density, A is 
the cross-sectional area, L is the length, 
and k is the modal constant.

Rearranging Equation 1, the relationship 
between the stiffness and natural frequency can 
be expressed as:
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Thus, the normalised stiffness degradation 
can be written in terms of normalised natural fre-
quency as:
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where:	En is the stiffness of the specimen after n 
cycles.

Figure 4. Modal testing setup of GFRP beam
under fixed–free boundary conditions

Figure 5. First six mode shapes of the specimen 
under fixed–free boundary conditions

Table 2. Fatigue interruption and modal 	
measurement protocol

Interrup-
tion index

Fatigue 
cycles (n)

Normalised 
life (n/N)

No. of modal 
measurements

1 0 0.00 5

2 500 0.069 5

3 1000 0.138 5

4 1500 0.207 5

5 2000 0.275 5

6 2500 0.344 5

7 3000 0.413 5

8 3500 0.482 5

9 4000 0.551 5

10 5000 0.689 5
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This relationship helps to transform the exist-
ing residual stiffness models into frequency-based 
residual life prediction models.

Mao model

The residual stiffness model developed by 
Mao describes the normalised stiffness as a non-
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where:	q, a and b are the material-dependent con-
stants [17].

Substituting Equation 3 into Equation 4, the 
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The unknown parameters q, a and b from the 
Mao model can be evaluated through nonlinear 

Figure 6. Overall framework for vibration-based fatigue life prediction integrating experimental modal analysis, 
semi-empirical models and machine learning techniques
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regression using the experimental modal fatigue 
testing data.

Wu model

The model proposed by Wu expresses nor-
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Using the stiffness frequency relationship 
Equation 3, the frequency-based Wu model for 
predicting residual fatigue life can be written as:
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where:	EN is the stiffness of composite specimens 
just before the final failure, fN is the natu-
ral frequency of composite specimens just 
before the final failure, and a and b are the 
material-dependent constants [18]. 

The unknown parameters a and b from the 
Wu model can be evaluated through nonlinear 
regression using the experimental modal fatigue 
testing data.

The increased sensitivity of higher vibra-
tion modes to fatigue-induced damage can be 
explained by structural dynamics principles. For a 
beam-like structure, the natural frequency is gov-
erned by the flexural stiffness EI, and the modal 
response is strongly influenced by the curvature 
of the mode shapes. The bending strain energy 
density is proportional to the square of curvature, 
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where:	 ϕi(x) is the ith mode shape. 

Higher modes exhibit increased curvature 
and a larger number of inflexion points, leading 
to stronger localisation of modal strain energy. 
Consequently, a local reduction in stiffness EI(x) 
due to fatigue damage produces a larger pertur-
bation in the modal strain energy and, therefore, 
a more pronounced shift in natural frequency for 
higher modes.

From the first-order eigenvalue perturbation, 
the fractional frequency change can be approxi-
mated as:
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indicating that frequency sensitivity is governed 
by the overlap between the damage-induced stiff-
ness reduction ΔEI(x) and the curvature-squared 
field of the mode. Because 
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 is larger 
and more spatially varied for higher modes, 
the overlap integral increases, enhancing dam-
age sensitivity. In addition, higher modes tend 
to exhibit modal strain energy localisation near 
regions of maximum curvature (often away from 
nodes), making them more responsive to local-
ised damage such as matrix cracking, debond-
ing, or delamination. However, this increased 
theoretical sensitivity is accompanied by reduced 
vibration amplitude and greater susceptibility to 
measurement noise and modal overlap at higher 
frequencies, which can limit practical identifica-
tion accuracy. This explains why intermediate 
modes (e.g., mode 4 in the present study) provide 
an optimal balance between damage sensitivity 
and measurement reliability.

A portion of the experimental dataset was 
used for model fitting, and the remaining data 
will be used for validation. The goodness of fit is 
evaluated using the coefficient of determination 
R2. After validation, the inverse form of the mod-
els was used to predict the fatigue life N based on 
measured frequencies.

Machine learning framework

Semi-empirical models described here to cap-
ture the stiffness degradation during fatigue rely 
primarily on the predetermined functional forms. 
They may not fully capture the specimen variabil-
ity or nonlinearity in the degradation. ML algo-
rithms are proposed here to improve prediction 
capability by directly establishing the nonlinear 
relationship between the measured natural fre-
quencies and remaining fatigue life.

SVR and Gaussian process regression are the 
two ML algorithms adopted here for the study. The 
experimental dataset obtained from fatigue-inter-
rupted modal testing was divided into training and 
validation sets, where data from Specimens 1–4 
were used for training, and Specimen 5 was used 
for independent validation. This specimen-wise 
split was adopted to evaluate the predictive capa-
bility of the models on an unseen specimen and to 
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reflect realistic fatigue life prediction conditions. 
The input features, the normalised squared fre-
quency ratios 

κ(𝑥𝑥) = 𝑑𝑑2𝜙𝜙(𝑥𝑥)
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  and the output variable, 
normalised fatigue life (n/N), was scaled using 
min–max normalization within the range [0,1]. The 
normalisation parameters were determined using 
only the training dataset and subsequently applied 
to the validation dataset to avoid data leakage.

Support vector regression (SVR) model

SVR is a supervised ML algorithm highly 
suitable for nonlinear regression problems. It 
is highly effective for problems associated with 
minimum datasets due to its structural risk mini-
misation principle. For the SVM model, a radial 
basis function (RBF) kernel was employed to 
capture nonlinear relationships. The hyperpa-
rameters were selected through systematic tuning 
within the following ranges:
	• C ∈ [1, 10, 100, 1000]
	• γ ∈ [0.01, 0.1, 1, 1000]

The final model parameters were chosen 
based on the best predictive performance on the 
validation dataset.
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where:	xi is the input vector, here the normalised 
natural frequency, and yi is the Normal-
ized fatigue life.

The SVR regression function is:
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where:	ϕ(x) is the nonlinear mapping to high-
dimensional feature space, w is the weight 
vector, and b is the bias term.

The optimisation objective minimises as 
shown in Equation 12, subject to the ε-insensitive 
loss constraints.
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RBF kernel was adopted to capture nonlinear 
behaviour as shown in Equation 13.
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where:	C is the penalty parameter, and γ is the 
kernel parameter.

After training, the SVR algorithm predicts 
the normalised fatigue life based on the measured 
frequency input and then the predicted life is con-
verted into actual fatigue cycle counts. SVR pro-
vides a deterministic nonlinear regression base-
line for comparison with both probabilistic ML 
and physics-based models.

Gaussian process regression (GPR) model

Gaussian Process Regression is a probabi-
listic, nonparametric regression technique that is 
well-suited for problems with minimal datasets 
available for training. Unlike deterministic mod-
els, GPR does mean predictiona as well as uncer-
tainty estimation, which are very much required 
for problems like fatigue life prediction where 
data variability is high. For the GPR model, a RBF 
kernel was used. The hyperparameters, including 
signal variance (
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) and characteristic length 
scale (l), were optimised automatically during 
training using maximum likelihood estimation.

In GPR, the regression function is assumed as 
shown in Equation 14 to follow a Gaussian process.
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where:	m(x) is the mean function and k(x, x’) is 
the covariance function.

In this problem, with normalisation, the mean 
function was assumed to be zero. Using a squared 
exponential kernel, the covariance was modelled 
as:
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where:	σf
2 is the hyperparameter signal variance 

and l is the characteristic length scale. 

These hyperparameters are optimised dur-
ing training by maximum likelihood estimation.
For a new input x*, the GPR results in a predic-
tive mean μ* and a predictive variance σ*2. This 
predictive variance enables quantification of 
uncertainty bounds in fatigue life estimation. The 
predicted fatigue life was taken as the predictive 
mean, and confidence intervals were constructed 
using the predictive variance.

All computations were performed using 
Python. A fixed data split and consistent pre-
processing procedure were maintained through-
out the study to ensure reproducibility of the 
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results. Due to the limited size of experimentally 
obtained fatigue datasets, a specimen-wise vali-
dation approach was preferred over random data 
splitting, ensuring that model evaluation reflects 
practical fatigue life prediction scenarios.

EXPERIMENTAL RESULTS

Tensile properties

Five valid specimens with failure at the gauge 
length were taken for consideration, and their 
mean Elastic modulus and Tensile strength, along 
with standard deviation, are reported here in 
Table 3. Tensile characterisation of GFRP lami-
nates with elastic modulus 30.1 ± 0.9 GPa indi-
cates a narrow dispersion, uniform load transfer 
along the principal fibre direction. Similarly, the 
ultimate tensile strength 479 ±  20 MPa reflects 
low variability with consistent fibre-dominated 
mechanical performance. Low standard deviation 
in stiffness and tensile strength results is impor-
tant for the fatigue life prediction studies. Since 
frequency-based residual life prediction models 
heavily rely on stiffness degradation, low variabil-
ity ensures the measured frequency changes are 
primarily due to the fatigue damage degradation.

Fatigue life characteristics

Tension-Tension fatigue tests are conducted 
with stress ratio R = 0.05 and σmax = 0.8* σult as 
shown in Table 4. Statistical descriptors and the 
observed cycles to failure of five valid specimens 
are reported in Table 5.

Results of fatigue life show substantial scat-
ter with more than one order of magnitude, which 
is characteristic of unidirectional GFRP under 
high stress amplitude fatigue. The failure is gov-
erned by stochastic fibre fracture and localised 
damage accumulation. Under the stated loading 
conditions, the fatigue damage is fibre-dominated 
with rapid stiffness degradation. Low fatigue life 
resulted from certain specimens, confirming that 
the high stress level produces accelerated damage 

progression, making this condition suitable for 
the investigation of frequency-based residual life. 
Further, fatigue variability directly affects the 
predictive accuracy of machine learning models. 
Hence, robust validation strategies are essential 
for realistic prediction capability.

From the fatigue life data and statistical 
descriptors shown in Table 5, the statistical 
descriptors indicate significant scatter in fatigue 
life, with a coefficient of variation greater than 
unity. Hence, a consistent value of fatigue life 
N is required for further investigation. Since the 
fatigue life of GFRP laminates follows a log-
normal distribution, statistical evaluation of the 
mean logarithmic fatigue life was performed, and 
the result was N = 7.26 × 10^3 cycles

This gives a more representative central ten-
dency than the arithmetic mean due to the pres-
ence of high-life outliers. Fatigue life data were 
analysed on a logarithmic scale due to their inher-
ent statistical characteristics. Fatigue life typi-
cally follows a log-normal distribution and spans 
multiple orders of magnitude, making direct aver-
aging in the linear scale less representative. In 
addition, linear averaging is sensitive to extreme 
values or outliers, which can disproportionately 
influence the mean fatigue life. Logarithmic 
transformation reduces this bias, stabilises vari-
ance, and provides a more meaningful and consis-
tent representation of fatigue behaviour.

Modal degradation behaviour

The first six natural frequencies of the speci-
mens were measured in an undamaged state as 
well as at predefined fatigue intervals under fixed 
free boundary conditions. For each case, five data 
sets were recorded to account for the specimen-
to-specimen variability and measurement noise. 
In general, GFRP laminates showed a progres-
sive reduction in natural frequencies and stiffness 
with increasing fatigue cycles due to accumulated 
fatigue damage. The natural frequency degradation 
with increasing fatigue cycles is evident across all 
modes and specimens. The rate of reduction var-
ied among specimens and modes. Figure 7 shows 

Table 3. Mechanical properties of unidirectional GFRP laminates from tensile testing

Parameter Mean Standard deviation

Longitudinal elastic modulus E in GPa 30.1 0.9

Ultimate tensile strength σult in MPa 479 20
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the natural frequency degradation as a function of 
fatigue cycles for the first six bending modes of 
GFRP laminate specimens. The plots represent 
interrupted modal measurements obtained during 
fatigue testing for five specimens.

To evaluate the repeatability of modal mea-
surements, multiple undamaged specimens were 
tested under identical clamping conditions. The 
variation in measured natural frequencies was 
quantified in terms of standard deviation and 
coefficient of variation (CoV) as summarised in 
Table 6. The results indicate that the CoV remains 
approximately 1% for all considered modes, 
demonstrating good repeatability of the experi-
mental setup. The observed uncertainty is signifi-
cantly lower than the frequency shifts induced by 
fatigue damage, ensuring reliable damage char-
acterisation. Special care was taken to maintain 
consistent clamping conditions by using a rigid 
fixture and a controlled tightening procedure to 
minimise boundary condition variability.

In mode 1, the natural frequency of the 
undamaged specimen varies between 20.89 Hz 
and 23.18 Hz, which shows acceptable variation 

due to fabrication and clamping conditions. Fur-
ther, it reduced between 17.95 Hz and 19.87 Hz 
at 5000 cycles with a gradual decline in between. 
The reduction varies approximately 10 to 20% 
between the specimens. Some minor non-mono-
tonic fluctuations were also observed at interme-
diate cycles due to experimental uncertainty and 
clamping effects.

In mode 2, the specimens showed a consis-
tent decreasing trend in natural frequencies from 
141.51 to 146.89 Hz at zero cycles to 116.04 to 
123.54 Hz at 5000 cycles. Overall reduction in 
natural frequency from 0 cycles to 5000 cycles 
ranges from 14% to 19%. In specimen 4. Some 
intermediate cycle fluctuations were observed, 
likely due to modal interaction and variation in 
boundary stiffness.

Mode 3 exhibited a stronger degradation when 
compared to mode 1, and mode 2 ranged from 
362.4 to 368.2 Hz at zero cycles to 276.3 to 304.3 
Hz at 5000 cycles. The reduction ranged between 
17 to 24%. A larger relative reduction of natural 
frequencies in mode 3 confirms the increased sen-
sitivity of higher modes toward stiffness changes. 

Table 4. Loading parameters used for fatigue testing of unidirectional GFRP laminates

R σmax σmax in MPa σmin in MPa σmean in MPa σamp in MPa

0.05 0.8* σult 383.2 19.16 201.18 182.02

Table 5. Fatigue life of unidirectional GFRP specimens under tension–tension cyclic loading and 		
statistical descriptors

Specimen 1 2 3 4 5

Fatigue life in cycles 1.9 × 10^3 1.1 × 10^4 6.3 × 10^3 3.4 × 10^3 4.5 × 10^4

S. No Statistical descriptor Value

1 Arithmetic mean (cycles) 13520

2 Standard deviation (cycles) 17934

3 Coefficient of variation    1.33

4 Logarithmic mean (cycles)   7260

Table 6. Summary of modal measurement repeatability parameters

Mode Mean frequency (Hz) Std. Dev. (Hz) CoV (%)

1 22.038 0.15–0.25 0.8–1.2

2 143.746 0.8–1.5 0.6–1

3 364.908 2–4 0.6–1

4 683.31 4–7 0.6–1

5 1093.9 6–10 0.5–0.9

6 1541.566 8–15 0.5–1
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Intermediate fluctuations are visible in specimen 
4 and specimen 5, but the general trend remains 
decreasing.

Mode 4 resulted in a significant reduction 
in natural frequencies from 679.8 to 688.6 Hz 
at zero cycles to 508.3 to 545.8 Hz at 5000 
cycles. The reduction observed was between 20 
to 25%. The degradation shows increased scat-
ter compared to lower modes, which resulted 
from higher mode sensitivity and the influence 
of excitation location. Slight peak broadening 
in FRFs is also noted during the testing. Despite 
these fluctuations, a clear overall reduction 
trend is observed.

Mode 5 natural frequency reduced from 
1084.3 to 1101.7 Hz at zero cycles to 817.6 to 
891.6 Hz at 5000 cycles. The reduction ranged 
between 18 to 25%. Some specimens, example 
specimen 2 and specimen 3, show localised fre-
quency recovery at intermediate frequencies due 
to stiffness redistribution and higher frequency 
measurement sensitivity. 

Mode 6 demonstrated the largest absolute 
reduction in natural frequency, varying from 
1532.3 to 1553.3 Hz at zero cycles to 1143.6 to 
1201.3 Hz at 5000 cycles. The reduction ranged 
between 22 to 26%. The more pronounced chang-
es were observed because the higher bending 
modes are inherently more sensitive to local stiff-
ness degradation. Large scatter at higher cycles is 
consistent with progressive damage accumulation 
and increasing structural nonlinearity.

Even though all six modes resulted in fre-
quency degradation with fatigue progression, 
higher modes exhibited greater sensitivity to 
damage. Significant scatter was noted at higher 
fatigue cycles across all modes. Intermediate 
frequency recovery noticed at certain specimens 
across modes is within the acceptable tolerance. 
The progressive natural frequency reduction 
due to stiffness degradation ensures the suitabil-
ity of vibration-based methods for fatigue life 
prediction models.

It should be noted that the present study 
infers fatigue damage progression indirectly 

Figure 7. Natural frequency degradation with increasing fatigue cycles for the first six bending modes
(MODE 1 to MODE 6) of cantilever GFRP specimens
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through changes in modal properties, without 
direct microstructural or fractographic charac-
terisation. While vibration-based indicators pro-
vide a non-destructive and real-time assessment 
of structural degradation, they do not explicitly 
capture the underlying damage mechanisms such 
as matrix cracking, fibre breakage, or delamina-
tion. Therefore, the correlation between modal 
frequency reduction and internal damage evolu-
tion remains indirect. Future work may integrate 
vibration-based monitoring with direct damage 
characterisation techniques to establish a more 
comprehensive understanding of fatigue behav-
iour in composite structures.

Normalised frequency-life relationship

To provide direct representation of natural 
frequency degradation with respect to fatigue life, 
the natural frequencies and fatigue lives were nor-
malised. This will remove the specimen-to-spec-
imen variability across all six vibrational modes. 
Measured natural frequencies (fn) at different 
fatigue cycles (n) were normalised with respect 
to the natural frequency of undamaged specimens 
(f0) as shown in Figure 8. Similarly, the fatigue 
cycles (n) were normalised with respect to the 
mean logarithmic fatigue life (N). The resulted 
normalized frequency degradation (0 ≤ fn/f 0 ≤ 1) 
curves are presented as a function of normalised 
fatigue life (0 ≤  n/N ≤ 1).

At very initial stages (n/N<0.2) of fatigue 
life, all modes resulted in a relatively small 
degradation in natural frequencies. This indi-
cates the early stiffness is primarily due to the 
matrix microcracking and localised fibre matrix 
debonding. In the intermediate (0.2< n/N<0.6) 
life regime, the frequency degradation was more 
severe, and it was found to be highly nonlinear 
in nature. This shows that during the intermedi-
ate life cycles, the stiffness loss increases pro-
gressively due to the accumulation of distributed 
damage and initiation of fibre breakage clusters. 
Close to the failure (0.6<n/N<0.7), the degrada-
tion rate reduced and beyond that, a sharp decline 
in the natural frequency will occur due to unsta-
ble damage growth and rapid loss of structural 
integrity before the final fracture. This behaviour 
aligns with the fatigue damage evolution in unidi-
rectional GFRP laminates subjected to high stress 
amplitude loading.

Further, mode 1 resulted in the least reduc-
tion in normalised frequency, and higher modes 

exhibited larger degradation. This behaviour 
is consistent with vibration theory because the 
higher modes are more sensitive to the local stiff-
ness variations. Small non-monotonic fluctua-
tions were observed at intermediate fatigue lives 
primarily due to experimental uncertainty in peak 
identification, boundary condition variability dur-
ing repeated clamping and modal coupling effects 
in higher frequency bands. However, the global 
decreasing trend ensures the applicability of the 
fatigue life degradation models.

FATIGUE LIFE PREDICTION RESULTS

Semi-empirical model performance

The nonlinear degradation trend across the 
vibration modes ensures the applicability of the 
Wu and Mao semi-empirical formulations. The 
collapse of normalised data into a bounded degra-
dation region confirms that normalised frequency 
can serve as a reliable stiffness-based damage 
parameter. Furthermore, the modal dependency 
observed in the degradation rates suggests that 
higher modes may provide improved sensitiv-
ity for residual life prediction models. While 
employing the Wu and Mao models to fit the data, 
the fatigue cycle region 0 to 5000 will only be 
considered. Because at the N = 7260 cycles, the 
vibration data will have much higher scatter, and 
it is impractical to capture the experimental fre-
quency just before the failure.

Model fitting accuracy

Experimentally obtained normalised natural 
frequency 

κ(𝑥𝑥) = 𝑑𝑑2𝜙𝜙(𝑥𝑥)
𝑑𝑑𝑥𝑥2  
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′′(𝑥𝑥))2 

 

𝜎𝜎𝑓𝑓2 

 

 

(𝑓𝑓𝑛𝑛2 𝑓𝑓02⁄ ) 
 

 versus normalised life (n/N) 
from specimens 1 to 4 were employed here to 
evaluate the unknown coefficients of the Mao and 
Wu frequency-based models. The quality of fit-
ting of each model was assessed by determining 
the coefficient of determination using Equation 
16 and is shown in Table 7.
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where:	yi – square ratio of normalised experimen-
tal frequency, 
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= 1𝑚𝑚 ∑||
𝑙𝑙𝑙𝑙𝑙𝑙10(𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚) −
−𝑙𝑙𝑙𝑙𝑙𝑙10(𝑁𝑁𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝)
𝑙𝑙𝑙𝑙𝑙𝑙10(𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚) || 

 

𝑋𝑋(𝑛𝑛) = 𝑋𝑋𝑖𝑖(𝑛𝑛) = (𝑓𝑓𝑖𝑖(𝑛𝑛) 𝑓𝑓𝑖𝑖(0)⁄ )2 

 

𝑋𝑋(𝑛𝑛) = [𝑋𝑋1(𝑛𝑛), 𝑋𝑋2(𝑛𝑛), 𝑋𝑋3(𝑛𝑛),
𝑋𝑋4(𝑛𝑛), 𝑋𝑋5(𝑛𝑛), 𝑋𝑋6(𝑛𝑛)] 

 
 

𝑋𝑋(𝑛𝑛) =

[
 
 
 
 (𝑓𝑓1(𝑛𝑛)

𝑓𝑓1(0))
2
, (𝑓𝑓2(𝑛𝑛)

𝑓𝑓2(0))
2
,

……… , (𝑓𝑓6(𝑛𝑛)
𝑓𝑓6(0))

2

]
 
 
 
 
 

 

 – model prediction, 

𝐾𝐾(𝑥𝑥𝑖𝑖, 𝑥𝑥𝑗𝑗) = 𝑒𝑒𝑒𝑒𝑒𝑒 (−𝛾𝛾‖𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑗𝑗‖
2) 

 

𝑓𝑓(𝑥𝑥)~𝐺𝐺𝐺𝐺(𝑚𝑚(𝑥𝑥), 𝑘𝑘(𝑥𝑥, 𝑥𝑥′)) 

 

𝑘𝑘(𝑥𝑥𝑖𝑖, 𝑥𝑥𝑗𝑗) = 𝜎𝜎𝑓𝑓
2𝑒𝑒𝑒𝑒𝑒𝑒(−

‖𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑗𝑗‖
2

2𝑙𝑙2 ) 

 

𝑅𝑅2 = 1 −
∑(𝑦𝑦𝑖𝑖 − 𝑦̂𝑦𝑖𝑖)2

∑(𝑦𝑦𝑖𝑖 − 𝑦̅𝑦𝑖𝑖)2 

 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝑅𝑅𝑅𝑅 = 

= 1𝑚𝑚 ∑||
𝑙𝑙𝑙𝑙𝑙𝑙10(𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚) −
−𝑙𝑙𝑙𝑙𝑙𝑙10(𝑁𝑁𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝)
𝑙𝑙𝑙𝑙𝑙𝑙10(𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚) || 

 

𝑋𝑋(𝑛𝑛) = 𝑋𝑋𝑖𝑖(𝑛𝑛) = (𝑓𝑓𝑖𝑖(𝑛𝑛) 𝑓𝑓𝑖𝑖(0)⁄ )2 

 

𝑋𝑋(𝑛𝑛) = [𝑋𝑋1(𝑛𝑛), 𝑋𝑋2(𝑛𝑛), 𝑋𝑋3(𝑛𝑛),
𝑋𝑋4(𝑛𝑛), 𝑋𝑋5(𝑛𝑛), 𝑋𝑋6(𝑛𝑛)] 

 
 

𝑋𝑋(𝑛𝑛) =

[
 
 
 
 (𝑓𝑓1(𝑛𝑛)

𝑓𝑓1(0))
2
, (𝑓𝑓2(𝑛𝑛)

𝑓𝑓2(0))
2
,

……… , (𝑓𝑓6(𝑛𝑛)
𝑓𝑓6(0))

2

]
 
 
 
 
 

 

 – 
mean of experimental values.

The fitting performance of both models 
improves progressively with an increase in mode 
numbers. Mode 1 shows the poor correlation due 
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to its boundary condition sensitivity and experi-
mental noise. In contrast, the higher modes exhib-
it improved correlation through monotonic deg-
radation trends. Mode 6 gives the highest fitting 
accuracy in both models, showing that the higher 
mode frequencies are more sensitive to the cumu-
lative fatigue damage and stiffness degradation.

The fitted parameters of the Mao and Wu 
models obtained through nonlinear regression 
are summarised in Table 7. The results indicate 
that the Mao model parameters exhibit a system-
atic trend across different vibration modes, with 
the weighting factor q increasing and the expo-
nents a and b decreasing with increasing mode 
number. This reflects a smoother and more stable 
representation of stiffness degradation in higher 
modes. The corresponding goodness-of-fit values 
show that the prediction accuracy improves sig-
nificantly from Mode 1 to Mode 6, as indicated 
by increasing R² and decreasing RMSE values. 
In comparison, the Wu model parameters exhibit 
relatively less variation across modes, indicating 
limited flexibility in capturing nonlinear stiffness 
degradation behaviour. Consequently, the Wu 
model consistently shows slightly lower R² and 
higher RMSE values than the Mao model. This 
difference can be attributed to the dependence 
of the Wu model on terminal stiffness values, 
which introduces additional uncertainty when 
fatigue data is truncated. By using the power-type 
formulation, the Mao model captures the early 
to intermediate fatigue degradation well. This 
clearly indicates the usability of the Mao model 
in practical applications where the close failure 

data are not available and generally not useful. 
Whereas the Wu model that represents the two-
stage degradation behaviour will require the data 
even in the late life regions for improved fitting 
performance. These results confirm that the Mao 
model provides a more robust and accurate repre-
sentation of fatigue-induced stiffness degradation 
for the present dataset. Due to the limited size of 
the experimentally obtained fatigue dataset and 
the specimen-wise fitting approach, parameter 
confidence intervals were not evaluated. Instead, 
model robustness was assessed through good-
ness-of-fit measures (R² and RMSE) and valida-
tion performance on an independent specimen.

Residual analysis was performed using spec-
imen-wise data from the training set (Specimens 
1–4) to evaluate the fitting quality of the semi-
empirical models. The residual plots, presented in 
Figure. 9, reveal that the Mao model produces a 
more consistent and uniformly distributed resid-
ual pattern centred around zero across all vibra-
tion modes. In contrast, the Wu model exhibits 
relatively higher scatter and noticeable deviation, 
particularly in the intermediate fatigue regime, 
indicating reduced capability in capturing nonlin-
ear stiffness degradation behaviour. Furthermore, 
a progressive reduction in residual spread is 
observed from Mode 1 to Mode 6 for both mod-
els, confirming that higher vibration modes are 
more sensitive to fatigue-induced stiffness chang-
es. This trend is consistent with the correspond-
ing improvements in R² and RMSE values and 
reinforces the suitability of higher modal features 
for fatigue life prediction. Overall, the residual 

Figure 8. Normalised natural frequency degradation (fn/f0) as a function of normalised fatigue life (n/N)
for the six vibration modes of GFRP specimens (Specimen 1 to Specimen 5)
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analysis provides strong evidence that the Mao 
model offers a more stable and accurate repre-
sentation of stiffness degradation compared to the 
Wu model for the present experimental dataset. 
The residual distribution further demonstrates 
that model performance is governed not only by 
statistical indicators but also by the physical sen-
sitivity of modal features to damage evolution.

Remaining fatigue life prediction

Fitted Mao and Wu semi-empirical mod-
els were validated using the data obtained from 
specimen 5, which was not taken into account for 
fitting. Experimentally measured normalised fre-
quency ratio 

κ(𝑥𝑥) = 𝑑𝑑2𝜙𝜙(𝑥𝑥)
𝑑𝑑𝑥𝑥2  

 

(𝜙𝜙𝑖𝑖
′′(𝑥𝑥))2 

 

𝜎𝜎𝑓𝑓2 

 

 

(𝑓𝑓𝑛𝑛2 𝑓𝑓02⁄ ) 
 

 was used as input to pre-
dict the normalised fatigue life. The accuracy of 
the prediction was assessed using a logarithmic 
relative error formulation using Equation 17 to 
account for the inherent log-normal distribution 
of composite fatigue life.

	

𝐾𝐾(𝑥𝑥𝑖𝑖, 𝑥𝑥𝑗𝑗) = 𝑒𝑒𝑒𝑒𝑒𝑒 (−𝛾𝛾‖𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑗𝑗‖
2) 

 

𝑓𝑓(𝑥𝑥)~𝐺𝐺𝐺𝐺(𝑚𝑚(𝑥𝑥), 𝑘𝑘(𝑥𝑥, 𝑥𝑥′)) 

 

𝑘𝑘(𝑥𝑥𝑖𝑖, 𝑥𝑥𝑗𝑗) = 𝜎𝜎𝑓𝑓
2𝑒𝑒𝑒𝑒𝑒𝑒(−

‖𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑗𝑗‖
2

2𝑙𝑙2 ) 

 

𝑅𝑅2 = 1 −
∑(𝑦𝑦𝑖𝑖 − 𝑦̂𝑦𝑖𝑖)2

∑(𝑦𝑦𝑖𝑖 − 𝑦̅𝑦𝑖𝑖)2 

 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝑅𝑅𝑅𝑅 = 

= 1𝑚𝑚 ∑||
𝑙𝑙𝑙𝑙𝑙𝑙10(𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚) −
−𝑙𝑙𝑙𝑙𝑙𝑙10(𝑁𝑁𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝)
𝑙𝑙𝑙𝑙𝑙𝑙10(𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚) || 

 

𝑋𝑋(𝑛𝑛) = 𝑋𝑋𝑖𝑖(𝑛𝑛) = (𝑓𝑓𝑖𝑖(𝑛𝑛) 𝑓𝑓𝑖𝑖(0)⁄ )2 

 

𝑋𝑋(𝑛𝑛) = [𝑋𝑋1(𝑛𝑛), 𝑋𝑋2(𝑛𝑛), 𝑋𝑋3(𝑛𝑛),
𝑋𝑋4(𝑛𝑛), 𝑋𝑋5(𝑛𝑛), 𝑋𝑋6(𝑛𝑛)] 

 
 

𝑋𝑋(𝑛𝑛) =

[
 
 
 
 (𝑓𝑓1(𝑛𝑛)

𝑓𝑓1(0))
2
, (𝑓𝑓2(𝑛𝑛)

𝑓𝑓2(0))
2
,

……… , (𝑓𝑓6(𝑛𝑛)
𝑓𝑓6(0))

2

]
 
 
 
 
 

 

	 (17)

where:	m – Total number of predicted samples.

The results in Table 8 show that the prediction 
accuracy increases significantly with an increase 
in mode numbers. This confirms that the choice 
of modal order has higher significance than the 
semi-empirical models in prediction accuracy. 
Mode 1 resulted in the highest prediction error, 
about 30%, and this is due to the boundary clamp-
ing sensitivity and poor sensitivity to stiffness 
degradation. At higher modes, the prediction error 

significantly reduced due to improved monotonic 
degradation trend. Mode 4 shows the significant 
instability in prediction between the semi-empir-
ical models due to truncated data availability. 
Two-stage degradation formulation used in the 
Wu model likely requires the end-of-life fatigue 
data to stabilize it prediction performance. On 
the other hand, the power law degradation for-
mulation used in the Mao model effectively per-
forms with early to mid-life fatigue data. The 
Mao model consistently outperformed the Wu 
model across all modes with practically possible 
truncated data sets, indicating its suitability for 
practical applications. The Wu model resulted in 
significant instability, particularly in mode 4 and 
mode 5, in prediction due to the non-availability 
of end-of-life degradation data.

Error band analysis

Using the parameters obtained through non-
linear regression of experimental data, the 2-time 
error band analysis of the Mao semi-empirical 
model was performed. Specimen 5 was used as 
the validation specimen for performing the 2-time 
error band analysis to assess the robustness of the 
Mao model in remaining fatigue life prediction. 
Using numerical inversion of the Mao formula-
tion, the predicted fatigue life NPredicted was cal-
culated within the physically admissible range 
0<n/N<1 using squared normalised frequency. 
To maintain consistency with the fatigue life rep-
resentation, the predicted and measured fatigue 
lives were converted to a logarithmic scale.

The 2-time error band plot in Figure 10 shows 
that most of the fatigue life values are within the 
bands. This indicates the prediction capability 
of the Mao model with truncated fatigue data 
sets. Mode 1 results in a large scatter from the 

Table 7. Fitted parameters and goodness of fit measures obtained from the nonlinear fitting of Mao and
Wu semi-empirical models for different vibration modes

Mode

Mao model Wu model

Parameters
R2 RMSE

Parameters
R2 RMSE

q a b a b

Mode 1 0.48 3.21 3.87 0.72 0.081 1.92 2.85 0.67 0.091

Mode 2 0.52 2.18 3.05 0.9 0.042 1.75 2.48 0.87 0.049

Mode 3 0.55 1.94 2.62 0.92 0.036 1.62 2.31 0.9 0.043

Mode 4 0.58 1.72 2.28 0.94 0.031 1.55 2.14 0.92 0.037

Mode 5 0.61 1.51 2.05 0.96 0.026 1.48 1.98 0.94 0.032

Mode 6 0.63 1.38 1.92 0.97 0.023 1.42 1.85 0.95 0.028
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prediction line, especially at lower measured 
lives. This clearly shows that the fundamental 
bending mode, primarily governed by global 
stiffness characteristics and small variations in 
frequency, leads to amplified uncertainty during 
inverse operations. Mode 2 and Mode 3 dem-
onstrate intermediate scatter, and more points 
are clustered around the prediction line. This 

reduction in dispersion suggests the improved 
sensitivity to accumulated stiffness degradation. 
Higher modes resulted in the most stable behav-
iour, and their prediction was closely aligned with 
the prediction line across the measured fatigue 
life range. Some minor deviations are observed at 
lower fatigue cycles, but no systematic bias was 
observed. This shows the robustness of the Mao 
model in estimating the residual fatigue life.

Machine learning model performance

To assess the capability of machine learning-
based fatigue life prediction models, four machine 
learning frameworks are implemented and sys-
tematically compared. Those are single-mode 
support vector regression (SVR-S), single-mode 
Gaussian process regression (GPR-S), multi-mode 
support vector regression (SVR-M) and multi-
mode Gaussian process regression (GPR-M). All 
the models were trained with the experimentally 

Figure 9. Residual plots of the Mao and Wu models for Modes 1–6 based on specimen-wise training data 
(specimens 1–4)

Table 8. Relative error (RE%) obtained for fatigue life 
prediction using Mao and Wu semi-empirical models 
for different vibration modes

Mode Mao RE% Wu RE% Average 
RE%

Mode 1 29.97 9.22 19.595

Mode 2 13.31 9.22 11.265

Mode 3 6.46 9.24 7.85

Mode 4 2.88 19.13 11.005

Mode 5 7.48 10.23 8.855

Mode 6 6.88 9.22 8.05
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obtained model degradation data and validated 
using an unseen specimen. Normalised squared 
frequency ratios are given as input futures, and 
the normalised fatigue life is defined as the output 
future. In all cases, 4 specimens (specimen 1 to 
specimen 4) were used for training and specimen 
5 is kept as an unknown specimen for validation 
to make a consistent comparison across all modes.

Single-mode learning

In the single-mode model, each model was 
trained using one modal feature at a time, and 
each of the six modes was evaluated indepen-
dently. The input vector X(n) is defined as shown 
in Equation 18.

	

𝐾𝐾(𝑥𝑥𝑖𝑖, 𝑥𝑥𝑗𝑗) = 𝑒𝑒𝑒𝑒𝑒𝑒 (−𝛾𝛾‖𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑗𝑗‖
2) 

 

𝑓𝑓(𝑥𝑥)~𝐺𝐺𝐺𝐺(𝑚𝑚(𝑥𝑥), 𝑘𝑘(𝑥𝑥, 𝑥𝑥′)) 

 

𝑘𝑘(𝑥𝑥𝑖𝑖, 𝑥𝑥𝑗𝑗) = 𝜎𝜎𝑓𝑓
2𝑒𝑒𝑒𝑒𝑒𝑒(−

‖𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑗𝑗‖
2

2𝑙𝑙2 ) 

 

𝑅𝑅2 = 1 −
∑(𝑦𝑦𝑖𝑖 − 𝑦̂𝑦𝑖𝑖)2

∑(𝑦𝑦𝑖𝑖 − 𝑦̅𝑦𝑖𝑖)2 

 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝑅𝑅𝑅𝑅 = 

= 1𝑚𝑚 ∑||
𝑙𝑙𝑙𝑙𝑙𝑙10(𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚) −
−𝑙𝑙𝑙𝑙𝑙𝑙10(𝑁𝑁𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝)
𝑙𝑙𝑙𝑙𝑙𝑙10(𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚) || 

 

𝑋𝑋(𝑛𝑛) = 𝑋𝑋𝑖𝑖(𝑛𝑛) = (𝑓𝑓𝑖𝑖(𝑛𝑛) 𝑓𝑓𝑖𝑖(0)⁄ )2 

 

𝑋𝑋(𝑛𝑛) = [𝑋𝑋1(𝑛𝑛), 𝑋𝑋2(𝑛𝑛), 𝑋𝑋3(𝑛𝑛),
𝑋𝑋4(𝑛𝑛), 𝑋𝑋5(𝑛𝑛), 𝑋𝑋6(𝑛𝑛)] 

 
 

𝑋𝑋(𝑛𝑛) =

[
 
 
 
 (𝑓𝑓1(𝑛𝑛)

𝑓𝑓1(0))
2
, (𝑓𝑓2(𝑛𝑛)

𝑓𝑓2(0))
2
,

……… , (𝑓𝑓6(𝑛𝑛)
𝑓𝑓6(0))

2

]
 
 
 
 
 

 

	 (18)

where:	fi(n) – natural frequency of mode I at n 
cycles.

Multi-mode learning

In the multi-mode model, the global structural 
degradation effects were incorporated, and valida-
tion on specimen 5 was performed using a multi-
mode vector. The multi-mode feature vector was 
defined as shown in Equation 19 and Equation 20.

	

𝐾𝐾(𝑥𝑥𝑖𝑖, 𝑥𝑥𝑗𝑗) = 𝑒𝑒𝑒𝑒𝑒𝑒 (−𝛾𝛾‖𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑗𝑗‖
2) 

 

𝑓𝑓(𝑥𝑥)~𝐺𝐺𝐺𝐺(𝑚𝑚(𝑥𝑥), 𝑘𝑘(𝑥𝑥, 𝑥𝑥′)) 

 

𝑘𝑘(𝑥𝑥𝑖𝑖, 𝑥𝑥𝑗𝑗) = 𝜎𝜎𝑓𝑓
2𝑒𝑒𝑒𝑒𝑒𝑒(−

‖𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑗𝑗‖
2

2𝑙𝑙2 ) 

 

𝑅𝑅2 = 1 −
∑(𝑦𝑦𝑖𝑖 − 𝑦̂𝑦𝑖𝑖)2

∑(𝑦𝑦𝑖𝑖 − 𝑦̅𝑦𝑖𝑖)2 

 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝑅𝑅𝑅𝑅 = 

= 1𝑚𝑚 ∑||
𝑙𝑙𝑙𝑙𝑙𝑙10(𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚) −
−𝑙𝑙𝑙𝑙𝑙𝑙10(𝑁𝑁𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝)
𝑙𝑙𝑙𝑙𝑙𝑙10(𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚) || 

 

𝑋𝑋(𝑛𝑛) = 𝑋𝑋𝑖𝑖(𝑛𝑛) = (𝑓𝑓𝑖𝑖(𝑛𝑛) 𝑓𝑓𝑖𝑖(0)⁄ )2 

 

𝑋𝑋(𝑛𝑛) = [𝑋𝑋1(𝑛𝑛), 𝑋𝑋2(𝑛𝑛), 𝑋𝑋3(𝑛𝑛),
𝑋𝑋4(𝑛𝑛), 𝑋𝑋5(𝑛𝑛), 𝑋𝑋6(𝑛𝑛)] 

 
 

𝑋𝑋(𝑛𝑛) =

[
 
 
 
 (𝑓𝑓1(𝑛𝑛)

𝑓𝑓1(0))
2
, (𝑓𝑓2(𝑛𝑛)

𝑓𝑓2(0))
2
,

……… , (𝑓𝑓6(𝑛𝑛)
𝑓𝑓6(0))

2

]
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𝐾𝐾(𝑥𝑥𝑖𝑖, 𝑥𝑥𝑗𝑗) = 𝑒𝑒𝑒𝑒𝑒𝑒 (−𝛾𝛾‖𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑗𝑗‖
2) 

 

𝑓𝑓(𝑥𝑥)~𝐺𝐺𝐺𝐺(𝑚𝑚(𝑥𝑥), 𝑘𝑘(𝑥𝑥, 𝑥𝑥′)) 

 

𝑘𝑘(𝑥𝑥𝑖𝑖, 𝑥𝑥𝑗𝑗) = 𝜎𝜎𝑓𝑓
2𝑒𝑒𝑒𝑒𝑒𝑒(−

‖𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑗𝑗‖
2

2𝑙𝑙2 ) 

 

𝑅𝑅2 = 1 −
∑(𝑦𝑦𝑖𝑖 − 𝑦̂𝑦𝑖𝑖)2

∑(𝑦𝑦𝑖𝑖 − 𝑦̅𝑦𝑖𝑖)2 

 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝑅𝑅𝑅𝑅 = 

= 1𝑚𝑚 ∑||
𝑙𝑙𝑙𝑙𝑙𝑙10(𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚) −
−𝑙𝑙𝑙𝑙𝑙𝑙10(𝑁𝑁𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝)
𝑙𝑙𝑙𝑙𝑙𝑙10(𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚) || 

 

𝑋𝑋(𝑛𝑛) = 𝑋𝑋𝑖𝑖(𝑛𝑛) = (𝑓𝑓𝑖𝑖(𝑛𝑛) 𝑓𝑓𝑖𝑖(0)⁄ )2 

 

𝑋𝑋(𝑛𝑛) = [𝑋𝑋1(𝑛𝑛), 𝑋𝑋2(𝑛𝑛), 𝑋𝑋3(𝑛𝑛),
𝑋𝑋4(𝑛𝑛), 𝑋𝑋5(𝑛𝑛), 𝑋𝑋6(𝑛𝑛)] 

 
 

𝑋𝑋(𝑛𝑛) =

[
 
 
 
 (𝑓𝑓1(𝑛𝑛)

𝑓𝑓1(0))
2
, (𝑓𝑓2(𝑛𝑛)

𝑓𝑓2(0))
2
,

……… , (𝑓𝑓6(𝑛𝑛)
𝑓𝑓6(0))

2

]
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Single-mode machine learning 			 
model performance

The predictive performance of the single-
mode SVR-S model is summarised in Table 9. 
The predictive performance capability of SVR-S 
results in strong dependence on modal sensitivity. 
Mode 1 resulted in poor predictive performance 
(R² = −0.393, RMSE = 0.225, RE = 79.50%), 
indicating that the fundamental mode is insensi-
tive to the fatigue-induced stiffness degradation, 
and the low curvature in limited frequency varia-
tion reduces its effectiveness as a damage indi-
cator. Greater improvement in prediction perfor-
mance was noticed with increasing modal order, 
with mode 4 having the highest performance (R² 
= 0.791, RMSE = 0.087, RE = 20.23%) among 
all single-mode SVR models. Mode 5 and Mode 
6 also resulted in stable prediction capabilities 
with R² = 0.728 and 0.644, respectively. The trend 
in the results confirms that the higher bending 
modes provide more sensitive informative fea-
tures for nonlinear regression mapping between 
frequency degradation and normalised fatigue 
life. Overall, SVR-S exhibits reliable predictive 
performance when damage-sensitive modal fea-
tures are employed.

The predictive performance of the single-
mode GPR-S model is also summarised in Table 
9. In the GPR-S model, the prediction accuracy 
is highly influenced by the selected modal fea-
tures. Highly unstable predictions were noticed 
in mode 1 and mode 2 with negative R² (−1.095 
and −17.164) values and large relative errors 
(138.97% and 68.14%). These results depict 
that the lower modes do not offer sufficient 

Figure 10. Two-times error band analysis for fatigue life prediction using the Mao semi-empirical model
based on normalised modal frequency degradation
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informative features for probabilistic regression 
mapping under limited training samples. Further, 
the instability noted in lower modes highlights 
the sensitivity of GPR-S to noisy features under 
small training datasets. From mode 3 onwards, 
the predictive performance improved signifi-
cantly and mode 4 gave the best performance (R² 
= 0.845, RMSE = 0.075, RE = 17.57%) among 
all modes, which outperforms the SVR-S model 
for the same mode. The superior performance of 
mode 4 in GPR-S was due to the probabilistic 
framework of the GPR-S model and the ability 
of GPR-S to model smooth nonlinear degradation 
behaviour under the input features with strong 
stiffness reduction correlation. Mode 5 and mode 
6 also resulted in reasonably stable predictions 
with R² = 0.692 and 0.64, respectively.

Both single-mode models demonstrated 
strong modal sensitivity dependence, and mode 
4 consistently provided the best predictive per-
formance under both models. GPR-S slightly out-
performs SVR-S in mode 4 (R² = 0.845 vs 0.791; 
RE = 17.57% vs 20.23%), whereas SVR-S shows 
greater stability across moderately sensitive 
modes (Modes 3–6). The above results confirm 
that the model performance is primarily governed 
by feature quality over the algorithm selection. 
When a quality modal feature is employed, both 
the single-mode models demonstrated strong pre-
dictive performance, whereas both algorithms 
failed to generalise effectively when weak fea-
tures were employed. Therefore, modal feature 
selection plays a critical role in vibration-based 
fatigue life estimation over the influence of the 
regression algorithm.

To assess the engineering reliability, the 
predicted fatigue lives were evaluated using a 2 
times error band criterion. For SVR-S as shown 
in Figure 11, the majority of the predicted fatigue 
lives corresponding to higher modes lie within 

the error band and in that the mode 4 resulted in 
clustering around the equality line, confirming 
its superior predictive reliability. However, mode 
1 resulted in significant deviation with multiple 
predictions falling outside the error band, which 
is consistent with the poor R2 and relative error 
it has resulted in. In GPR-S, as shown in Figure 
12, higher modes (Mode 4 to Mode 6) largely lie 
within the acceptable band and Mode 4 exhibited 
much tighter clustering around the prediction line 
compared to SVR-S. Mode 1 and mode 2 resulted 
in significant instability, with several predictions 
falling outside the lower bound of the error band, 
which confirms the negative R2 values observed 
for these modes. The error band analysis further 
confirms that the predictive performance is pri-
marily governed by modal sensitivity over the 
algorithm complexity.

Multi-mode machine learning model 
performance

To investigate the prediction capability when 
multiple modal features are integrated, a multi-
mode learning model was implemented. In this 
model, the normalised squared frequency ratios 
are simultaneously given as input features, and 
the prediction performance of multimode SVR 
(SVR-M) as well as multimode GPR (GPR-M) 
are summarized in Table 10.

SVR-M resulted in an R2 of 0.783 with 
RMSE of 0.0889 and a mean relative error of 
35.01%. The R2 value of SVR-M indicates its 
capability of capturing a significant portion of 
the nonlinear relationship between modal fre-
quency degradation and normalised fatigue life 
when multiple modes are considered simultane-
ously. Noticeably higher relative error suggests 
that although multi-mode feature integration 
can stabilise the regression behaviour, the inclu-
sion of less damage-sensitive modes introduces 

Table 9. Prediction performance of single-mode machine learning models (SVR-S and GPR-S) for fatigue life 
estimation using normalised modal frequency features

Mode
SVR single mode GPR single mode

R2 RMSE Relative error (%) R2 RMSE Relative error (%)

Mode 1 −0.393 0.225 79.50% −1.095 0.276 138.97%

Mode 2 0.42 0.145 29.14% −17.164 0.812 68.14%

Mode 3 0.532 0.13 23.10% 0.451 0.141 33.56%

Mode 4 0.791 0.087 20.23% 0.845 0.075 17.57%

Mode 5 0.728 0.099 23.07% 0.692 0.106 22.98%

Mode 6 0.644 0.114 28.18% 0.64 0.114 31.95%
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additional variability into the prediction process. 
On the other hand, GPR-M resulted in significant 
poor performance with R2 = −0.0066, RMSE = 
0.1912 and a mean relative error of 54.84%. 
The near-zero and negative R2 indicate that the 
model fails to capture the underlying relation-
ship between the multi-mode frequency features 
and fatigue life. The limited size of the training 
dataset relative to the increased dimensionality of 
the input feature space is the primary reason for 
resulted degraded performance. With the simulta-
neous introduction of six modal features, GPR-M 
becomes highly sensitive to noise and hyperpa-
rameter estimation, leading to reduced generali-
sation capability. The comparison of SVR-M and 
GPR-M highlights contrasting behaviour under 
the high-dimensional input features. SVR-M 
demonstrated relatively better performance due 

to its structural risk minimisation principle and 
kernel-based regression capabilities. On the other 
hand, GPR-M becomes unstable when the dimen-
sion of the input features increases without an 
equivalent increase in the training data.

To assess the reliability of the predictive per-
formance of SVR-M and GPR-M, a 2-times error 
analysis was performed and depicted in Figure 
13. In the SVR-M model, most of the predicted 
points lie within the acceptable error band with 
some deviation from the equality line, especially 
at the lower fatigue life. This shows the ability 
of the SVR-M model to capture the nonlinear 
relationship between the multimodal frequency 
degradation and fatigue life with reasonable sta-
bility. In contrast to SVR-M, GPR-M exhibited 
larger scatter about the equality line, and several 
predictions fell outside the acceptable error band, 

Figure 11. Two-times error band analysis comparing predicted and measured logarithmic fatigue lives obtained 
using a single-mode Support Vector Regression model

Figure 12. Two-times error band analysis comparing predicted and measured logarithmic fatigue lives obtained 
using a single-mode Gaussian Process Regression model
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especially below the lower band. This indicates 
the tendency of the model to underestimate the 
fatigue life in most of the cases. This behaviour 
confirms the lower R2 and higher relative error of 
the GPR-M model. Once again, the 2-times error 
band analysis confirms that the SVR-M provides 
more consistent and reliable predictions com-
pared to the GPR-M model.

COMPARATIVE PERFORMANCE OF 	
SEMI-EMPIRICAL AND MACHINE 
LEARNING MODELS

Table 11 shows the comparison of predictive 
performance of the semi-empirical Mao model 
and machine learning models SVR-S, GPR-S, 
SVR-M and GPR-M. These models are assessed 
using the coefficient of determination, root mean 
square error and mean relative error. In all sin-
gle-mode ML models and the semi-empirical 
Mao model, mode 4 provided the highest pre-
dictive performance, indicating its highest sen-
sitivity to the stiffness degradation induced by 
the fatigue damage. Among the ML models, the 
GPR-S model using mode 4 achieved the best 
predictive performance with R² = 0.845 and 
RMSE = 0.075, indicating a strong correlation 

between the predicted and measured fatigue 
lives when the most sensitive modal feature is 
used. SVR-S model using mode 4 also demon-
strated good prediction capability (R² = 0.791 
and RMSE = 0.087) with slightly higher predic-
tion error. However, both single-mode models 
exhibited strong sensitivity to the modal feature 
selection. When less informative modes are used 
as the input feature, the predictive performance 
significantly deteriorates. With mode 1, SVR-S 
resulted in a negative R2 = -0.393 with large pre-
diction error (RE = 79.5%), while the GPR-S 
with mode 2 showed severe instability with R² = 
−17.164, RMSE = 0.812 and RE = 68.14%. This 
strongly indicates that single ML models rely 
heavily on the physical relevance of the selected 
modal feature.

In the multi-mode framework, SVR-M 
achieved moderate prediction accuracy, sug-
gesting that combining multiple modal features 
can stabilise the regression process. In contrast, 
GPR-M exhibited poor performance, highlighting 
the GPR sensitivity to dimensional input spaces 
when the available training dataset is limited. 
Nevertheless, neither multi-model outperformed 
the best single-mode model, implying that inclu-
sion of less sensitive modes may introduce addi-
tional variability in prediction.

Table 10. Prediction performance of multi-mode machine learning models (SVR-M and GPR-M) for fatigue life 
estimation using normalised modal frequency features

SVR multi mode GPR multi mode

R2 RMSE Relative error (%) R2 RMSE Relative error (%)

0.783 0.0889 35.01% −0.0066 0.1912 54.84%

Figure 13. Two-times error band analysis comparing predicted and measured logarithmic fatigue lives obtained 
using multi-mode ML models (SVR-M and GPR-M)
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Due to the limited size of the experimental 
dataset, a leave-one-out cross-validation (LOOCV) 
strategy was adopted to evaluate the generalisation 
capability of the machine learning models. In this 
approach, models were trained using four speci-
mens and validated on the remaining specimen, 
and the process was repeated iteratively for all 
five specimens. The reported performance metrics 
shown in Table 12 correspond to the average values 
obtained across all validation folds. This approach 
ensures that each specimen is used for validation 
while maximising the use of available data for 
training. It should be noted that the dataset size in 
the present study is limited due to the experimental 
effort required for fatigue–modal testing. Machine 
learning models are generally data-intensive and 
may exhibit overfitting when trained on small data-
sets. Therefore, the conclusions regarding machine 
learning performance in this study are intended to 
provide comparative insights rather than estab-
lish generalizable superiority. Future studies with 
larger datasets are expected to further improve the 
reliability and generalisation capability of machine 
learning models.

Interestingly, the semi-empirical Mao model 
demonstrated highly competitive performance 
(R² = 0.841, RMSE = 0.075, RE = 2.88%), espe-
cially when mode 4 is used as the modal indicator. 
Notably, the best performing ML model, GPR-S 
using mode-4, produces prediction accuracy that 
lies between the best and worst performance 
bounds of the Mao model. While the ML model 
slightly surpasses the Mao model in terms of R2, 
the Mao model exhibits lower relative error. This 
highlights the effectiveness of physics-based stiff-
ness degradation models for fatigue prognosis.

An interesting observation from the present 
study is that Mode 4 consistently provides the best 
prediction performance among all vibration modes, 

despite higher modes (Modes 5 and 6) having great-
er theoretical sensitivity to stiffness degradation. 
This can be explained by considering the trade-off 
between sensitivity and measurement reliability. 
While higher modes are more responsive to stiff-
ness changes, they are also associated with lower 
vibration amplitudes, increased modal density, and 
potential mode overlap, which can introduce higher 
experimental noise and uncertainty in frequency 
extraction. In addition, the single-axis measure-
ment configuration and discrete excitation points 
may limit the accurate capture of higher-order 
modal characteristics. As a result, Modes 5 and 6 
exhibit increased variability in the experimental 
data, leading to reduced prediction accuracy. Mode 
4, on the other hand, represents an optimal balance 
between damage sensitivity and measurement sta-
bility, resulting in improved model performance.

In addition to prediction accuracy, computa-
tional efficiency, as summarised in Table 13, is an 
important consideration for practical implemen-
tation. The semi-empirical models (Mao and Wu) 
involve direct analytical formulations and require 
minimal computational effort for both parameter 
estimation and prediction. In contrast, machine 
learning models, particularly GPR, involve higher 
computational cost due to kernel matrix inversion 
and hyperparameter optimisation, with training 
complexity scaling cubically with dataset size. 
SVM models also require hyperparameter tun-
ing, but are relatively efficient for small datasets. 
Therefore, while machine learning models offer 
flexibility in capturing nonlinear relationships, 
semi-empirical models provide significant advan-
tages in terms of computational simplicity and 
ease of implementation, especially in real-time or 
resource-constrained applications.

Overall, the modal feature sensitivity plays a 
more critical role than the algorithm complexity 

Table 11. Comparative prediction performance of semi-empirical and machine learning models for 	
fatigue life estimation using modal frequency degradation

Model Mode R2 RMSE Relative error (%)

SVR-S
Best mode Mode 4 0.791 0.087 20.23%

Worst mode Mode 1 −0.393 0.225 79.50%

GPR-S
Best mode Mode 4 0.845 0.075 17.57%

Worst mode Mode 2 −17.164 0.812 68.14%

SVR-M Multi-mode 0.783 0.0889 35.01%

GPR-M Multi-mode −0.0066 0.1912 54.84%

Mao
Best mode Mode 4 0.841 0.075 2.88

Worst mode Mode 1 -0.159 0.205 29.97
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in fatigue life prediction. Although ML models 
achieved competitive performance when the appro-
priate modal feature is selected, the semi-empiri-
cal model provides comparable or even superior 
prediction accuracy. These findings suggest that 
integrating physical degradation mechanisms 
with data-driven approaches may provide a more 
reliable framework for vibration-based fatigue 
life prediction. While both semi-empirical and 
machine learning approaches are capable of cap-
turing fatigue-induced degradation trends, their 
performance is governed by the reliability of the 
input features derived from experimental modal 
analysis. This highlights that improving feature 
selection and measurement fidelity can be more 
impactful than increasing model sophistication 
in vibration-based fatigue life prediction. The 
observed performance of the Mao model should 
therefore be interpreted not solely as an advantage 
of physics-based modelling, but as a result of its 
compatibility with stable and physically mean-
ingful modal features. This suggests that future 
research should prioritise feature engineering and 
measurement robustness alongside model devel-
opment for improved fatigue prognosis.

CONCLUSIONS

This study investigated the vibration-based 
fatigue life prediction of unidirectional GFRP 

laminates by integrating the experimental fatigue-
modal analysis, semi-empirical stiffness degrada-
tion models and machine learning approaches. 
Interrupted modal testing and regression-based 
prediction models are systematically employed 
to establish the relationship between natural fre-
quency degradation and interrupted fatigue life. 
Based on the experiments and predictive analysis, 
the following conclusions were drawn:
	• Fatigue-interrupted modal testing revealed 

consistent degradation in natural frequen-
cies with respect to increasing fatigue cycles. 
Higher modes demonstrated greater sensitiv-
ity to fatigue damage compared to the funda-
mental mode.

	• The Mao model resulted in more stable pre-
diction behaviour compared to the Wu model 
due to its power-law degradation formulation. 
The Mao model effectively captured the early 
and intermediate life fatigue damage evolu-
tion with limited end-of-life data.

	• Mao semi empirical model exhibited strong 
dependence on modal sensitivity. Lower 
modes showed poor predictive capability, and 
with higher modes, the prediction accuracy 
was better. Mode 4 provided the highest pre-
dictive accuracy. 

	• Among the ML frameworks investigated, 
GPR-S with mode 4 achieved the highest pre-
diction accuracy, outperforming the SVR-S 
model. Further, the prediction capability of 

Table 12. Comparative prediction performance of leave-one-out cross-validation (LOOCV) of machine learning 
models for fatigue life estimation using modal frequency degradation

Model Mode R2 (Mean±Std) RMSE (Mean±Std) Relative error (%)(Mean±Std)

SVR-S Mode 4 0.78 ± 0.06 0.09±0.01 21.5 ± 4.2

GPR-S Mode 4 0.83 ± 0.05 0.078 ± 0.008 18.9 ± 3.6

SVR-M - 0.76 ± 0.07 0.095 ± 0.012 34.1 ± 5.5

GPR-M - 0.02 ± 0.15 0.19 ± 0.02 55.2 ± 6.8

Table 13. Computational cost comparison

Model Training cost Prediction cost Hyperparam-
eter tuning Complexity Remarks

Mao model Very Low Very Low Not required O(n) Direct analyti-
cal formulation

Wu model Very Low Very Low Not required O(n) Direct analyti-
cal formulation

SVR Moderate Low Required (C, γ) O(n3) for training and 
O(n) for prediction

Efficient for small 
datasets

GPR High Moderate Required 
(kernel params)

O(n3) for training and 
O(n2) for prediction

Computation-
ally intensive
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single-mode ML models is highly sensitive 
to input future selection when limited training 
datasets are available. 

	• SVR-M model exhibited moderate predictive 
performance, and GPR-M showed unstable 
performance. The multi-mode approach did 
not outperform the best single-mode model, 
indicating that inclusion of less sensitive 
futures may introduce additional variability in 
prediction.

	• Compared to ML models, the semi-empirical 
Mao model demonstrated highly competi-
tive performance with limited data availabil-
ity. This highlights the robustness of physics-
based degradation formulations for fatigue 
prognosis when reliable features are available.

	• This study demonstrates that modal sensitiv-
ity and feature quality are more critical than 
algorithm complexity in prediction accuracy. 
Integrating the physics-based degradation 
models with data-driven approaches may fur-
ther improve the robustness and reliability of 
fatigue prognosis.
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