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Abstract

Measuring the fatigue crack growth rate via the crack growth experiment (a-N curve)
is labor-intensive and time-consuming. A machine learning interpolation–extrapolation
strategy (MLIES) aimed at enhancing the prediction accuracy of small-data models has
been proposed to accelerate fatigue testing. Two specific approaches are designed by
transforming a-N curve data from N to ∆N and from a to ∆a (S1)/∆a/∆N (S2) to enrich
the data volume and leverage the incremental information. Thus, a simple and fast-
responding single-layer neural network model can be trained based on the early-stage
data points from fatigue testing and accurately predict the remaining part of an a-N curve,
thereby enhancing the experimental efficiency. Through exponential data expansion and
data augmentation, the trained neural network model is able to learn the underlying rules
governing crack growth directly from the experimental data, requiring no explicit analytical
crack growth laws. The proposed MLIES was validated on fatigue tests for aluminum alloy
and titanium alloy samples under different experimental parameters. Results demonstrate
its effectiveness in reducing testing time/cost by 15–32% while achieving over 30% higher
prediction accuracy for the a-N curve compared to a traditional machine learning modeling
approach. Our research offers a data-driven recipe for accurate crack growth prediction
and accelerated fatigue testing.

Keywords: fatigue crack growth; incremental information; machine learning; extrapolation
prediction

1. Introduction
Fatigue failure of metal components under alternating loads is a critical issue affecting

structural safety and reliability. Fatigue crack growth (FCG) analysis based on the crack
length–number of fatigue cycles relationship (i.e., a-N curve), which yields material prop-
erties such as the FCG rate, is an essential step for assessing structural remaining life and
performing damage tolerance design. However, conventional experimental testing for
a-N curves is limited by long cycle times and high costs. For decades, researchers have
developed various methods to predict fatigue crack length. Early approaches primarily
used formula-based fitting to describe how crack length evolves with cycle count. This led
to the proposal of predictive models based on polynomial [1], exponential [2–6], and power
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function equations [7–10], among others, for generating a-N curves. Although more com-
plex formulas may enhance prediction accuracy, the fitting approach itself is heavily reliant
on human expertise and exhibits limited generalizability across broader applications.

In recent years, the rise of artificial intelligence (AI) has led to the development of nu-
merous data-driven ML models for predictive analytics in fatigue-related engineering [11],
such as fatigue life prediction [12,13], fatigue crack growth [14,15], fatigue damage diag-
nosis [16,17] and fatigue strength prediction [18,19], among which neural network-based
fatigue life prediction is the most widely studied topic [20]. A common practice is to employ
material and experimental variables as input variables and the fatigue life as the output. As
for FCG prediction, usually, the stress intensity range ∆K is used as one of the inputs to ML
modeling, and the output is the crack growth rate da/dN. Depending on the problem to be
investigated, other influencing factors are also included in the inputs, such as stress ratio R,
crack length a, stress intensity factor K, and temperature T [21–27]. Although an a-N curve
can be calculated via integration of da/dN, the error will be cumulated during integration
process. For example, Zhang et al. [28] and Mohanty et al. [29] employed RBF-ANN and
MLP models, respectively, to predict FCG rates in aluminum alloys with good precision.
While both studies employed integration to derive a-N curves, the predictions ultimately
showed deviations from experimental data.

In fact, the crack length can also be modeled directly through the a-N relationship
without detailed crack growth analysis. Pidaparti et al. [30] employed a feedforward neural
network (FNN) to model the relationship between crack length and the number of fatigue
cycles, in which the crack length served as the input to predict the corresponding cycle
number. The predictions from this model showed an error of approximately 10% when
compared to experimental data. Okafor et al. [31] investigated the use of acoustic emission
(AE) for fatigue crack length prediction. A cascade FNN model was employed, using both
the AE signal and the number of cycles as inputs to predict crack length as the output. The
model, trained on 57 data points, demonstrated good predictive performance. Beyond the
interpolation prediction, ML can be effectively explored for the extrapolation of crack length.
An important application scenario is the online monitoring of in-service equipment for
safety assurance. Nechval et al. [32] leveraged monitoring data and employed ML to model
the relationship between N and a, thereby facilitating the construction of a framework for
identifying non-steady-state crack propagation during fatigue service. Haynes et al. [33]
embedded a neural network (NN) model within a structural health monitoring system to
achieve precise prediction of fatigue long cracks in Aluminum 7075-T6 rivet holes, thereby
guiding fatigue damage diagnosis. To date, there has been relatively limited research on
predicting the a-N curve with the explicit aim of accelerating its measurement. This is
primarily due to the limited number of data samples available for ML modeling, leading to
inaccurate and unstable prediction results. Ma et al. [34] developed an FNN model that
extrapolates the a-N curve from its initial segment, using the initial loading cycles and cycle
increment as inputs to predict crack length and growth. The incremental learning scheme
allows the model to outperform simple RNN and LSTM networks in prediction accuracy.
However, the dual-input and dual-output structure complicates the network architecture,
thereby increasing its training time. As reported, the total training time of 30,000 epochs
based on their NN model is roughly 4.48 h on a server equipped with a 3.2 GHz Intel Core
i7 when the number of trainable data on a-N curve is 55. Therefore, it functions more as an
offline prediction method and cannot meet the requirement for real-time a-N curve testing
based on online monitoring and responsive modeling.

To overcome the limitations of traditional prediction methods and address the chal-
lenge of rapidly modeling and accurately predicting fatigue crack length using a small data
sample, we developed a machine learning interpolation–extrapolation strategy (MLIES)
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utilizing incremental information to rapidly obtain complete a-N curves by leveraging
limited early-stage online test data. As shown in Figure 1, the process begins with a
first-phase feedforward neural network (FNN) model that takes cycle count (N) as input
and predicts crack length (a). This model is then updated to iteratively expand the data
set through interpolation, i.e., data expansion (DE). Next, the generated a-N data is con-
verted, in an incremental manner, i.e., data augmentation (DA), into ∆a-∆N data (absolute
increments-based data augmentation) and ∆a/∆N-∆N data (relative increments-based data
augmentation). This enriched incremental data, which contains derivative information,
serves as the basis for constructing two subsequent models based on a single-layer FNN
structure: Model S1 predicts ∆a using N and ∆N as inputs, while Model S2 predicts ∆a/∆N.
Finally, fatigue crack length, along with its confidence intervals, can be estimated from the
ensemble prediction results. This allows for the extrapolation of the remaining portion of
the a-N curve. The proposed MLIES effectively leverages limited online testing data. It
achieves accurate extrapolation predictions via interpolation-based data expansion and
increment-based data augmentation, thereby accelerating a-N curve measurement. Valida-
tion on aluminum and titanium alloys under various experimental parameters confirms its
effectiveness. Compared to traditional methods, the MLIES improves prediction accuracy
by over 30% and reduces testing time/cost by up to 32%.

 

Figure 1. The workflow of the MLIES framework for accelerated prediction of fatigue crack length.

2. Machine Learning Interpolation–Extrapolation Strategy
To enable rapid ML modeling and prediction, and to accommodate the nonlinear fitting

required in later-stage a-N testing, our strategy avoids complex architectures. Instead, a
single-hidden-layer network was employed. Regarding the number of nodes in the hidden
layer, preliminary tests indicated that for small-sample data of an a-N curve, increasing
the number beyond 15 does not yield significant improvements in prediction accuracy
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but does increase training time. Therefore, we employed a lightweight neural network
with fewer than 15 neurons to achieve both rapid modeling and accurate prediction. All
the codes were executed using R software (Version 4.4.0). Beginning with initial a-N data
points (Dn), as depicted in step 3 in Figure 1, an iterative modeling process was applied for
interpolation prediction to expand data samples. The specific workflow is as follows:

Based on the dataset Dn from an online test, containing n sample points: {(a1, N1),
(a2, N2), . . ., (an, Nn)}, the first-phase FNN model with N as input and a as output is
built, and the associated prediction error can be determined. Subsequently, the cycle in-
terval N1~Nn is divided into p equal intervals (p = 2) to obtain the corresponding cycles
N1~N2n. The corresponding fatigue crack lengths a1~a2n can be obtained through the
model prediction. Then, based on the expanded dataset D2n, the FNN model is updated
and simultaneously employed to predict the crack length of the Dn dataset, yielding the
corresponding prediction error. By sequentially increasing the p-value (3, 4, 5...) to itera-
tively expand the dataset and calculating the prediction error until it converges, the optimal
expansion factor can be determined. Accordingly, the iterative loop will yield an expanded
dataset Dpn: {(a1, N1), (a2, N2), ..., (apn, Npn)}, as illustrated in Figure 1. DE enriches the
base dataset, enabling full utilization of early-stage testing samples information.

Then, two DA approaches and ML modeling strategies based on incremental informa-
tion were used, to enable the extrapolation prediction of late-stage crack length on the a-N
curve. These are designated as S1 and S2, as shown in Figure 2.

(a) 

 
(b) 

Figure 2. Fatigue crack length prediction strategy. (a) Absolute increments-based data augmentation
and FNN modeling and prediction (S1); (b) Relative increments-based data augmentation and FNN
modeling and prediction (S2).

S1 (absolute increments-based data augmentation): For data samples in Dpn, the
cycle intervals ∆Nij (i < j) between each sample point and its corresponding crack length
difference ∆aij are calculated. This conversion transforms the a-N data into ∆a-∆N data,
thus achieving an exponential increase in the number of data samples. Subsequently,
a FNN model is trained using the cycle count Ni and cycle count interval ∆Nij as dual
inputs, with ∆aij as the output. This establishes the mapping relationship ∆aij = f (Ni, ∆Nij).
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Consequently, the crack length am for any unknown cycle count Nm can be determined
through model prediction, based on its association with the corresponding pn expanded
sample points (∆Npn,m), as illustrated in Figure 2a.

S2 (relative increments-based data augmentation): Unlike S1, which focuses solely
on absolute crack length increments, the S2 further incorporates crack growth gradient
increment to enhance the model’s extrapolation performance. Specifically, for data samples
in Dpn, the cycle intervals ∆Nij (i < j) between each sample point and its corresponding
crack growth rate ∆aij/∆Nij are calculated. This conversion transforms the a-N data into
∆a/∆N-∆N data. Subsequently, by modeling the relationship ∆aij/∆Nij = f (Ni, ∆Nij) using
FNN, the crack length am for any unknown cycle count Nm can be determined through
model prediction, based on its association with the corresponding pn expanded sample
points (∆apn,m/∆Npn,m), as illustrated in Figure 2b.

It should be noted that our work aims to enhance data utility by fully uncovering
the implicit physical information within small datasets for a-N curves. The approach of
constructing and modeling incremental information data helps prevent possible large
prediction deviations caused by overfitting in small-data models. However, the exponential
increase in dataset size through incremental pairing does not correspond to a proportional
increase in independent information, since the augmented samples originate from the same
experimental data. Here, the incremental processing of data not only introduces additional
latent physical information but also, in effect, modifies the data distribution and structure
to some extent, thereby positively influencing the model’s predictions.

3. Results and Discussion
To validate the effectiveness of the proposed MLIES in accelerated fatigue curve

testing, ten a-N curve datasets from middle-tension specimens for 7B04-T6 aluminum and
TA15 titanium alloys were collected [34], as shown in Figure 3. Each curve was measured
under distinct stress ratios, stress amplitudes, and initial crack lengths, with specific details
presented in Table 1. It is evident that the crack propagation patterns vary significantly
across different testing conditions, and the data sizes also exhibit considerable differences.

Table 1. Fatigue curve information.

Alloys
Experimental Parameters Fatigue

Curve
Data Size
in Curve

Data Size
of ID

Data Size
After DE

Data Size
After DAR σmax (MPa) a0 (mm)

7B04-T6 0.5 54.9 6.35 L1 79 40 316 2520
7B04-T6 0.5 35.6 6.15 L2 29 15 116 920
7B04-T6 0.5 60.5 6.34 L3 114 57 456 3640
7B04-T6 0.06 39.2 7.63 L4 33 17 132 1048
7B04-T6 0.5 59.4 7.16 L5 31 16 124 984
7B04-T6 0.06 39.2 7.80 L6 34 17 136 1080

TA15 0.5 115.9 7.15 L7 34 17 136 1080
TA15 0.06 103.3 7.67 L8 33 17 132 1048
TA15 0.06 103.3 8.70 L9 33 17 132 1048
TA15 −1 63.8 7.81 L10 47 24 188 1496

Notes: ID—the initial data points used for NN modeling, DE—data expansion, DA—data augmentation.
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(a) 

 
(b) 

Figure 3. Data of a-N curves. (a) Fatigue curves measured under different experimental parameters.
(b) The geometry of specimens used to obtain the fatigue curves. The unit is mm.

3.1. Data Expansion and Data Augmentation

In order to evaluate the predictive performance of conventional methods, four repre-
sentative a-N curves of L1, L2, L6, and L10 were selected. Using N as the input and a as
the output, the FNN models with different proportions of data points from these curves
were trained. These models were then used to perform extrapolation predictions on the
remaining portions of the a-N curves. From the results shown in Figure 4, it is evident
that regardless of the FCG pattern, the predictive performance of traditional single-input–
single-output NN models (T0) exhibits significant dependence on the data volume. While
model accuracy improves with an increase in sample points, substantial deviations persist
between the extrapolated predictions and the actual measured curves. This remains true
even when the training sample proportion increases to 70%, with the model prediction
errors becoming particularly pronounced during the later stages of fatigue crack growth.
Thus, it is evident that conventional methods are unable to overcome the poor extrapolation
performance inherent in small-sample modeling. Although increasing the sample size
could further enhance model accuracy, doing so is fundamentally at odds with the goal of
accelerating testing through ML.

In order to compare the training efficiency with that of the complex-structured net-
work model employed in the literature method [34], we also utilize the initial 50% of data
points to train the FNN model. Specifically, the initial data sample (i.e., Dn) is formed using
the first 50% of data points from the experimental a-N curve, while the remaining half is
reserved to serve as the validation set for assessing extrapolation performance. According
to the workflow of the MLIES illustrated in Figure 1, we first employ the cyclical modeling
approach to iteratively expand the ID. For each fatigue curve, the prediction accuracy of
the NN models varies with the number of iterative cycles, as shown in Figure 5a. It can
be observed that as the data expansion volume increases, the model error gradually de-
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creases, indicating a positive impact on crack growth prediction. The most significant error
reduction occurs at the initial expansion stage, suggesting that the interpolation prediction
effectively extracts additional information from limited data, thereby improving model
accuracy. Although error gradually decreases with more data, improvements plateau after
threefold expansion and stabilize only at eightfold data expansion. Based on these results,
an eightfold data expansion factor is established for the cyclic interpolation modeling.

Following iterative interpolation, the initial small data achieves multiple-fold expan-
sion, increasing the data volume from n to 8n. Subsequently, following the workflow
depicted in Figure 1 and based on the incremental information-driven DA methods out-
lined in Section 2, augmented datasets corresponding to each fatigue curve using strategies
S1 and S2 were sequentially constructed. This approach not only enriched the data samples
but also incorporated information such as the incremental growth and gradient of FCG into
the NN model training. As shown in Figure 5b and Table 1, the two-step approach of data
expansion and data augmentation enables exponential growth in small-sample datasets
from ID to DE to DA.

  
(a) (b) 

  
(c) (d) 

Figure 4. Fatigue crack length prediction by traditional single-input–single-output modeling method
(T0). (a) L1; (b) L2; (c) L6; (d) L10.
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(a) (b) 

 
(c) 

Figure 5. Data augmentation via interpolation-based model prediction. (a) Model error variance with
increasing number of iterative cycles for the ten curves; (b) Exponential growth of data size after DE
and DA; (c) Schematic comparison of data samples before and after data expansion for the ID of L6
and L10.

3.2. Extrapolation Prediction of a-N Curve

As noted earlier, all networks use a simple single-hidden-layer architecture. The key
hyperparameters to be optimized are the number of hidden nodes (ranging from 2 to
15) and the weight decay coefficient (with candidate values of 0.0005, 0.0007, and 0.001).
Figure 6 shows the comparison of predictions used by a traditional T0 model and the two
strategies of S1 and S2 for all the a-N curves under different experimental parameters. It can
be seen that even though all the three models have not seen the second half of the data on the
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curve during training, the predictions of S1 and S2 models are still close to the experimental
data since the ranges of predictions are relative small. Notably, the underlying principle
governing titanium alloy is considered to differ from that of aluminum alloy. Thus, the
results in Figure 6 indicate that the S1 and S2 models trained on the enhanced data possess
great learning and extrapolating ability. IN contrast, the one input–one output T0 model
trained on small data shows significant prediction deviation from the experimental results.

Our incremental information-based models seize the trend of crack growth with high
accuracy. In particular, compared to the S1 strategy, the relative incremental information
data used in S2 implicitly contains the underlying principles of crack evolution, thereby
demonstrating a greater improvement in prediction accuracy—whether for aluminum
alloys or titanium alloys. Furthermore, unlike the single crack prediction results of tradi-
tional T0 models, our strategy can provide a confidence interval for the predicted crack
length based on the extrapolation method shown in Figure 2. Practically, in engineering
applications, even if the materials are the same, there may be some errors in the processing
technology, internal defects, and differences in material properties of the structure, resulting
in changes in the fatigue crack growth rate law. This error caused by such uncertain factors
will also accumulate with the crack growth process, reducing the accuracy of the prediction
result. From this perspective, the confidence intervals this work provide for crack length
prediction offer more meaningful reference results for subsequent crack growth analysis.

  
(a) (b) 

 
(c) (d) 

Figure 6. Cont.
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(e) (f) 

  
(g) (h) 

 
(i) (j) 

Figure 6. Prediction comparison of fatigue curve between the T0 model and the S1 and S2 models
based on the proposed strategy. (a) L1; (b) L2; (c) L3; (d) L4; (e) L5; (f) L6; (g) L7; (h) L8; (i) L9; (j) L10.

Figure 7 illustrates the performance of the T0 method and the new strategy in extrap-
olation prediction across ten a-N curves. Two error metrics of mean absolute percentage
error (MAPE) and root mean square error (RMSE) are used. From Figure 7a,b, it is evident
that the model based on the S1 strategy exhibits significantly reduced prediction errors,
indicating that the incorporation of absolute incremental information enhances the model’s
learning of crack evolution characteristics. Compared to S1, under identical conditions
of total data volume and training duration, the transition from incremental information
to gradients-based incremental information further enhances the extrapolation prediction
accuracy of the S2 model. Figure 7c presents the prediction error reduction rates of the
S1 and S2 models compared to the T0 model. It can be seen that prediction errors vary
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across different curves. Considering differences in data volume and crack propagation
patterns, such variations are expected. Overall, except for the L5 curve, the model based
on the S1 strategy achieves over 30% improvement in prediction accuracy, while the S2
strategy-based model achieves over 50% improvement. This may be due to the sparse
distribution of sample points in the early stages of the L5 fatigue test. The limited crack
growth information contained in small samples increases the difficulty of subsequent pre-
dictions. Even so, the proposed ML approach still manages to improve prediction accuracy
by over 20%, demonstrating its great learning and extrapolating ability.

  
(a) (b) 

  
(c) (d) 

Figure 7. Prediction performance comparison of the proposed MLIES with the traditional T0 method.
(a) MAPE; (b) RMSE; (c) Reduction rate of prediction error for S1 and S2 models compared to the T0
model; (d) Acceleration efficiency in fatigue test using the MLIES for each a-N curve.

3.3. Acceleration Efficiency of a-N Curve Testing

In the present work, the first 50% of the sample points in the fatigue test were used to
train the NN model to predict the remaining portion of the a-N curve. Since each a-N curve
has a different total cycle count, a standardized metric is needed to quantify the acceleration
effect. The testing time/cost reduction rate was defined as (total cycle count-cycle count at
50% data)/total cycle count, i.e., (Ntotal-N50%)/Ntotal. The results of acceleration efficiency
are shown in Figure 7d. It can be observed that for fatigue experiments involving different
materials and parameters, the reduction in testing time/cost exceeds 15.5%, reaching up
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to 32.1%. This demonstrates that our method not only achieves precise prediction of
fatigue test curves but also effectively enhances experimental efficiency, thus providing an
alternative method to predict fatigue crack growth and accelerate the measurement of the
a-N curve.

Additionally, to validate the stability of the MLIES, the training sample proportion
was further reduced from 50% to 40% to predict the remaining portions of the a-N curve.
L1 and L2 curves were selected as examples due to their representative data volumes
among all the ten experimental curves, as shown in Table 1, with 40 and 17 data points,
respectively—corresponding to larger and smaller sample sizes. The results are shown in
Figure 8a,b. It can be observed that the traditional T0 model exhibits greater prediction
bias. The prediction errors (RMSE) of the L1 and L2 curves based on the S2 increased
from 0.613 and 0.881 with 50% data samples to 0.865 and 1.794, respectively. Nevertheless,
compared to T0 model predictions, the S2 model trained on a reduced training sample size
still achieved a reduction in prediction error exceeding 75%. Although the reduced initial
data volume increased the prediction error of the S1 model, its accuracy remained over 30%
higher than that of the T0 model with equivalent initial data. This demonstrates that the
MLIES maintains robust predictive performance even with less initial data, highlighting its
higher tolerance for small samples and greater stability in fatigue prediction accuracy.

(a) (b) 

Figure 8. Prediction results of fatigue curves for the first 40% of sample points for modeling. (a) L1;
(b) L2.

Finally, it is worth emphasizing that the simple single-hidden-layer NN architecture
adopted in our proposed MLIES significantly accelerates model training efficiency. For
example, the total training time based on the NN model is roughly ten minutes on a server
equipped with a 1.7 GHz Intel Core i5 (general PC configuration) when the number of the
ID on a-N curve is 17 (such as L5~L9). This effectively bridges the gap between data-driven
methods and real-time online monitoring/acceleration testing, translating methodological
potential into tangible benefits for practical engineering applications.

Meanwhile, it should be noted that the current study provides a data-driven approach
for a-N curve prediction and points a way forward for related work. In further research, we
will also take into account practical engineering requirements, as well as the comparison
and integration of relevant physics-based models with the data technique to promote
fatigue crack analysis.
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4. Conclusions
To accelerate fatigue testing and address the challenge of small-sample modeling in a-N

curve prediction, we propose an MLIES that integrates cyclic modeling with interpolation-
based sample expansion and incremental information modeling. By developing data
enhancement methods based on absolute increments (S1) and relative increments (S2),
along with their associated NN models, the proposed strategy achieves high-precision
extrapolation predictions of fatigue crack growth.

Through validation on fatigue curve predictions for two typical materials—aluminum
alloy and titanium alloy—our strategy demonstrates outstanding generalization and pre-
dictive performance. Compared to traditional single-input–single-output modeling ap-
proaches, the S1 model improves the prediction accuracy of fatigue curves by over 30%. The
S2 strategy, which incorporates gradients-based incremental information, further enhances
prediction accuracy by more than 50%. Moreover, by integrating a simple and rapidly
responsive single-hidden-layer NN architecture, our approach enables fast modeling and
responsive prediction, reducing experimental testing duration and costs by over 15%. This
provides a strategic foundation for realizing online accelerated testing of fatigue curves.

Furthermore, the predictive method based on the MLIES is capable of providing
confidence intervals for fatigue crack length predictions, thereby inherently capturing
the uncertainty associated with the fatigue process. This aligns well with real-world
fatigue testing conditions and can subsequently supply more meaningful data for risk-
quantification-based analysis of fatigue crack propagation.
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