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Abstract: Selective laser melting (SLM) technology is a high-end dual-use technology that is imple-
mented in aerospace and medical equipment, as well as the automotive industry and other military
and civilian industries, and is urgently needed for major equipment manufacturing and national
defense industries. This paper examines the challenges of uncontrollable service states and the
inability to ensure service safety of SLM metal parts under nonlinear and complex operating con-
ditions. An overview of the prediction of the service status of SLM metal parts was introduced,
and an effective approach solving the problem was provided in this paper. In this approach, the
cross-scale coupling mechanism between mesoscopic damage evolution and macroscopic service
state evolution is clarified by tracking the mesoscopic damage evolution process of SLM metal parts
based on ultrasonic nonlinear responses. The failure mechanism is organically integrated with hidden
information from monitoring big data, and a “chimeric” model to accurately evaluate the service
status of SLM metal parts is constructed. Combining nonlinear ultrasound technology with big
data and artificial intelligence to construct a “chimeric” model and consummate the corresponding
methods and theories for evaluating the service status of SLM metal parts is an effective way to reveal
the mesoscopic damage evolution and service status evolution mechanisms of SLM metal parts under
complex factor coupling, and to accurately describe and characterize the service status of parts under
complex operating conditions. The proposed approach will provide a theoretical basis and technical
guarantee for the precise management of SLM parts’ service safety in key equipment fields such as
aerospace, medical equipment, and the automotive industry.

Keywords: nonlinear ultrasonic wave; big data; artificial intelligence; SLM metal parts; service status

1. Introduction

SLM is considered to be one of the most promising additive manufacturing technolo-
gies that is capable of forming functional parts with almost 100% density of any complex
structure. It is a high-end technology that can be used for both military and civilian pur-
poses in aerospace, medical equipment, automotive industry, and other industries [1–3].
SLM is urgently needed for major equipment manufacturing and the defense industry and
is a key technology of strategic importance to the country. As shown in Figure 1, when a
part is manufactured by SLM technology, a high-energy laser beam is used as a moving
heat source, and the pre-laid metal powder is rapidly heated, melted, and solidified to form
a “micro melt pool” unit. Along the moving direction of the laser beam, the “micro-molten
pool” units are continuously accumulated to form melt paths with different molten widths
and residual heights, and these melt channels gather in a certain arrangement to form
a plane. Then, multiple layers of undulating planes accumulate in the height direction
of the formed part to form a three-dimensional part. As can be seen, the SLM forming
process is an additive manufacturing process that spans multiple spatial scales and in-
volves numerous influencing factors and multiple physical processes. Therefore, some
microscopic defects [3–6] (inclusions, pores, cracks, etc.) are inevitably generated in SLM
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parts and are difficult to eliminate completely by post-treatment. Components subjected to
long-term service processes, under the influence of fatigue loading and corrosive media,
will experience performance degradation. For example, in July 2017, the U.S. Marine Corps
KC-130 transport plane crash resulted in the death of all 16 military personnel on board;
the accident investigation committee ultimately found that the ground crew responsible
for maintenance did not carefully inspect and properly handle the corrosion of the engine
propeller blade, which ultimately led to the tragic accident [4]. Therefore, it is of great
significance to adopt reliable technology for the early detection of parts damage, accurately
assess their service status, and implement personalized and precise health management
according to the assessment results to effectively guarantee the operational safety, reliability,
and economy of important parts.
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Both theoretical studies and practical experience [2–7] have shown that the macro-
scopic damage and failure behavior of SLM metal parts originates from the mesoscopic
scale deformation and damage evolution within the parts. Capturing the evolution of
discrete dislocations, pores, microcracks, and other defects in SLM metallic materials at
mesoscopic scales is of great theoretical significance for revealing the physical mechanisms
of failure and service life evolution of SLM metallic parts. However, even for widely used
iron-based alloy selective laser melting materials, only an empirical understanding of
mesoscopic damage evolution and service state evolution has been accumulated [8–13].
Theories that quantitatively reveal the service state evolution laws of SLM parts, based on
mesoscopic-scale damage evolution characteristics, have not yet been established. In recent
years, with the development of technologies such as sensors, the Internet of Things (IoT),
and 5G communications, the types and quantities of data collected in part service safety
monitoring systems have increased dramatically, and as storage costs have been reduced,
more and more data are being stored, resulting in the formation of “monitoring big data”.
The “big data” collected and stored by the monitoring system during actual operation is a
“sleeping treasure”, and the ability to fully utilize its implicit characteristics is the key to
clarifying the characteristics of the monitoring system in different practical applications.

Non-destructive testing (NDT) is an effective means of evaluating internal damage
in SLM metal parts. Conventional NDT methods [14–20], such as ultrasonic testing, eddy
current testing, X-ray testing, penetration testing, and magnetic particle testing, are effective
in detecting macro-structural defects such as cracks, porosity, and inclusions, but they are
ineffective in detecting early damage. An ideal system for evaluating the in-service condi-
tion of a part should be able to detect damage at its earliest stages and accurately predict
its remaining life, thus providing an assessment of the part’s safety. Nonlinear ultrasonic
testing [21–23] has the advantage of being non-destructive, fast, with a large detection
range, etc., and can essentially reflect the influence of small defects within the material on
the ultrasonic propagation process, even if it is a small amount of damage (micron level).
Ultrasonic propagation in the material will appear, such as waveform distortion, high
harmonic breeding, the formation of sidebands, and other obvious nonlinear phenomena.
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In recent years, evaluating the degree of damage (fatigue, aging, creep, etc.) in metallic
materials based on nonlinear ultrasound [24–26] has become a hot research topic, and many
valuable research results have been obtained. Therefore, based on ultrasound nonlinear
response tracking of the mesoscopic damage evolution process of SLM metal parts, the
cross-scale coupling mechanism between mesoscopic damage evolution and macroscopic
service state evolution is clarified. By using “monitoring big data” to further fully express
the “personalized” implicit characteristics of the parts, an intelligent evaluation “chimeric”
model for the service state of SLM metal parts is constructed. While revealing the universal
scientific principles of SLM metal part failure, it can be matched with complex practical
situations. Applying the “chimeric” model to accurately evaluate the service status of
SLM parts, taking into account the economic and environmental benefits, implementing
personalized and precise health management of the parts at the “precise timing” of the
evolution of SLM part service status (health status, quantified performance degradation
status (remaining life estimation), and failure status), fundamentally solving the problem
of uncontrollable service status and inability to guarantee service safety of SLM metal
parts under nonlinear and complex conditions, has great theoretical research and practical
application significance.

In recent years, with the development and application of intelligent manufacturing
technology, SLM metal parts have been increasingly used in aerospace, medical equipment,
the automotive industry, and other fields. How to ensure the service safety of SLM metal
parts under nonlinear and complex operating conditions is a key issue that urgently
needs to be solved. At present, many scholars have applied machine learning, statistical
data-driven methods, and other techniques to the intelligent evaluation of the service
status of electromechanical equipment. However, although the existing methods can solve
some problems to some extent, the limitations are also obvious. For example, machine
learning cannot quantify the uncertainty of service status prediction; statistical data-driven
methods have a limited ability to process big data; and the mechanism model + data-driven
model methods cannot solve the errors introduced by unreasonable model combinations.
How, then, can we fundamentally solve the problem of the uncontrollable service status
of SLM metal parts under nonlinear and complex operating conditions? The research
method proposed in this paper has great theoretical research value and practical application
significance, as it is a key problem that urgently needs to be solved in fields such as
aerospace, medical equipment, and the automotive industry.

2. Research Progress and Development Trend

SLM additive manufacturing technology has been a hot research topic, both domesti-
cally and internationally, in recent years, but the main research directions focus on powder
preparation, forming processes, and forming equipment [27–30]. Research on the service
safety and life prediction of SLM metal parts is not deep enough. Walker et al. [31] studied
the effect of defects such as porosity and incomplete fusion on the fatigue life of Ti-6Al-4V
specimens formed by SLM. The results showed that under ultra-high-cycle fatigue loading,
inclusions and pores inside the specimens led to crack initiation and propagation, but there
was no quantitative analysis of the effect of inclusions and pores defects on the fatigue life
of SLM specimens. Bao et al. [32] obtained the geometric characteristics of fatigue defects in
Ti-6Al-4V specimens prepared by SLM through synchrotron X-ray tomography and used
machine learning to study the qualitative effects of defect location, size, and morphology
on the fatigue life of the specimens. Chen et al. [33] conducted a series of low-cycle fatigue
tastings on SLM 316L stainless steel specimens with different strain amplitudes, and the
results showed that the life prediction method based on the non-Masing model is applicable
to SLM 316L stainless steel specimens. As can be seen, current research on the service
safety life cycle of SLM metal parts has only accumulated an empirical understanding of
the relationship between mesoscopic damage evolution and service life evolution, and the
research is still at levels of “experience” and “ambiguity”.
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By using conventional methods such as fatigue loading experiments and microstruc-
ture analysis to understand the mesoscopic damage evolution state of SLM parts, a failure
mechanism model is established [34,35], and the remaining life of the parts is predicted
using the failure mechanism model. Based on this, evaluating the service status of the parts
and achieving personalized health management is a classic method to ensure the safety
of a part’s service. However, due to the complexity of the SLM component structure and
the diversity of operating environments in practical applications, the evolution law of its
service state is often difficult to physically model, or the cost of obtaining failure mechanism
models is too high. This method is obviously not suitable for widespread application.

To monitor the mesoscopic damage evolution process of SLM parts using nonlin-
ear ultrasound methods, it is necessary to establish a mapping relationship between the
mesoscopic damage evolution and ultrasonic nonlinear response. From this perspective,
current research on the mesoscopic damage monitoring of metal parts based on nonlinear
ultrasound can be divided into three aspects.

2.1. Research on Nonlinear Ultrasound Theory
2.1.1. Classical Nonlinearity Theory

The sources of acoustic nonlinearity in solid media can be divided into two categories:
classical nonlinearity and contact acoustic nonlinearity. The classical nonlinear theory
based on the stress–strain relationship [36–38] indicates that the non-harmonic nature
of the material lattice and crystal defects are the main sources of ultrasonic nonlinearity,
mainly manifested by the generation of harmonic components of the excitation sound
wave. Cantrell [39] established the nonlinear wave equation for solid media based on the
discrete lattice model, while Breazeale et al. [40] derived the one-dimensional longitudinal
wave nonlinear wave equation based on the continuous medium model. Solving the
nonlinear wave equation can obtain the relationship between harmonic amplitude and
nonlinear coefficients. The approximate solution of the wave equation [40] for continuous
sine harmonic excitation is

u(x, t) = A1 sin(kx − ωt) +
βA2

1k2x
8

cos(2kx − 2ωt) (1)

where ω is the angular frequency of the excited ultrasonic wave, x is the propagation
distance of the ultrasonic wave, t is the time, k is the wave number, and A1 is the amplitude
of the fundamental wave and the amplitude of the second harmonic of the received
ultrasonic wave is A2 = (A1

2k2x)/8. The nonlinear coefficient β can be expressed as

β = 8

(
A2

A2
1

)
1

k2x
(2)

As can be seen, β∝ A2/A1
2, β can characterize the mesoscopic damage evolution of mate-

rials but can only qualitatively describe the nonlinearity of materials from a macroscopic
perspective. To achieve a quantitative evaluation of material damage, effective physi-
cal models must be developed. Thus, a quantitative relationship between the material
mechanical performance parameters and ultrasonic nonlinear characteristics needs to be
established. The current research mainly starts from the microstructure of materials, explor-
ing the relationship between “material microstructure-material macroscopic mechanical
properties-ultrasonic nonlinear behavior”. At present, research in this area mainly focuses
on metal materials and two physical models have been proposed: the dislocation monopole
model and the dislocation pair model.

Granato [41] developed a pinned dislocation monopole model for the interaction
between ultrasound and dislocations. The relevant research results show that the gener-
ation of a second-harmonic ultrasound depends on the displacement motion of a single
dislocation between the pinned points under stress, and the theoretical formula can be
expressed as
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A2 =
1
4
[(

E2

E1
+

12
5

E2
1ΩΛL4R3

µ3b2 σ)(A1k)2 e−2α1x − e−α2x

α2 − α1
(3)

where E1 and E2 are the second-order and third-order elastic constants, Λ is the dislocation
density, L is the dislocation line length, R is the conversion coefficient of shear stress and
normal stress, µ is shear modulus, σ is the normal stress, b is the Burgers vector, α1 and
α2 are the fundamental wave attenuation and second-harmonic attenuation, and Ω is the
conversion coefficient between tangential strain and normal strain.

With the deepening degradation of material properties, the dislocation structure is
not only an arrangement of isolated dislocations but also includes a complex distribution
of dislocation dipoles and multipoles. Based on this theory, Cantrell et al. [42] proposed
a new model of second-harmonic excitation by ultrasound interacting with dislocation
dipoles and dipole arrays, which suggests that at high dislocation densities, the ultrasonic
second-harmonic amplitude is not only related to the length of the dislocation line and
stress but also depends largely on the arrangement of dislocations in the structure. The
theoretical formula can be expressed as

β =
16π2ΩΛR2h3(1 − ν)2E2

1
µ2b

+
384π3ΩΛR3h4(1 − ν)3E2

1
µ3b2 σ (4)

where h is the distance of the dislocation dipole, and ν is Poisson’s ratio. In general,
significant progress has been made in the study of classical nonlinear ultrasound the-
ory, but further improvement is still needed, such as the lack of physical models for
amorphous structures.

2.1.2. Contact Acoustic Nonlinearity Theory

Contact acoustic nonlinearity theory indicates that when ultrasonic waves act on
contact–type damages such as cracks and delamination, the nonlinear response of ultra-
sonic waves comes from two aspects: firstly, the elastic asymmetry of the contact interface
under tension–compression action leads to the dynamic nonlinearity of an ultrasonic re-
sponse. Secondly, the hysteresis effect of an ultrasonic response is caused by the transition
of the opening–closing state of the damaged interface. The contact nonlinear theoretical
models proposed by domestic and foreign scholars can be divided into two categories.
One is the physical model, which studies the influence of contact-type damage on ul-
trasonic responses from the microscopic physical mechanism of materials. For example,
Pecorari et al. [43,44] analyzed the influence of crack contact interface roughness on ultra-
sonic wave propagation, established the correlation between second-harmonic and interface
roughness, and qualitatively explained the hysteresis effect caused by the rough contact
interface. The other category is phenomenological modeling, in which an equivalent model
is used to characterize the contact-like damage evolution process, which is then combined
with the ultrasonic dynamic equations to analyze the relationship between the ultrasonic
nonlinear response and material damage. The P–M (Presaich and Mayergoyz) spatial
model proposed by McCall and Guyer [45] is the most widely used, which suggests that
the nonlinearity of damaged materials is manifested at the microscopic level as a step
response of particle stress–strain and at the mesoscopic level, as a hysteresis effect of solid
materials, with many mesoscopic units forming macroscopic nonlinearity. By combining
the P–M spatial model with the ultrasonic wave equation, the relationship between the
ultrasonic response characteristics and nonlinear coefficients can be obtained, and the
degree of material damage can be evaluated based on the relationship between nonlinear
coefficients and distribution parameters.

In summary, significant progress has been made in the research of nonlinear ultra-
sound theory, both domestically and internationally. However, existing models such as
dislocation monopoles, dislocation dipoles, and P–M space models are unable to indepen-
dently characterize the entire life cycle of the damage evolution process of metal parts.
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Therefore, it is necessary to strengthen the basic research on nonlinear ultrasonic technology,
consider the effects of attenuation, noise, and other factors, and establish a physical model
more suitable for the actual system to achieve a leap from qualitative to quantitative evalu-
ations of material damage based on nonlinear ultrasonic responses, and from qualitative
interpretations to mechanism analysis.

2.2. Numerical Simulation Study of Various Nonlinear Acoustic Phenomena in Solids

Due to the extremely complex propagation of ultrasonic waves in metal parts and
their interaction with mesoscopic damage, it is difficult to establish an accurate mechanism
model. Therefore, combining the nonlinear mechanism of solid materials with the char-
acteristics of ultrasonic wave propagation for numerical simulation has gradually gained
attention. For example, Scalerandi et al. [46,47] conducted numerical simulations of ultra-
sonic propagation in locally damaged materials and provided theoretical explanations for
acoustic resonance frequency drift and slow-motion phenomena using P–M spatial models.
Shen and Cesnik [48,49] proposed a parallel algorithm based on the local interaction simula-
tion method and penalty function method to simulate the “contact impact” behavior during
the interaction between nonlinear ultrasonic Lamb waves and fatigue cracks. It was found
that the nonlinear interaction of Lamb waves with fatigue cracks generates high harmonics
and DC components. Yan et al. [50] used finite element numerical simulation to obtain
transient maps of ultrasonic acoustic field propagation at different stages of crack extension
in fatigue specimens of SLM 316L stainless steel. As shown in Figure 2, with the increase
in crack length, the energy of diffracted waves gradually decreases, and the energy of the
reflected waves from cracks gradually increases. Especially when the crack length reaches
230 µm, ultrasonic waves mainly diffract through the upper and lower tips of the crack.
The energy of diffracted waves passing through the crack surface is already very weak, and
the energy of ultrasonic waves reflected from the crack is relatively large. The nonlinear
phenomenon of ultrasonic waves is mainly caused by the “breathing effect” generated by
the diffraction of ultrasonic waves on the crack surface. When the crack length increases to
210 µm, the energy of the diffracted wave on the crack surface decreases, and the closed area
generated by the “breathing effect” decreases accordingly. The nonlinear effect between the
crack and ultrasonic wave becomes weaker, and the relative nonlinear coefficient decreases.
As can be seen, the combination of numerical simulation and nonlinear ultrasound theory
is an effective way to clarify the correlation between mesoscopic damage evolution and the
nonlinear ultrasonic response of complex structured SLM metal parts.
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Figure 2. Transient diagram of ultrasonic wave field propagation at different stages of microcrack
length propagation in SLM 316L stainless steel.
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2.3. Research on Processing Algorithms and Feature Extraction for Damage Assessment Applicable
to Nonlinear Ultrasound Detection Signals

It is important to study the processing algorithms and damage evaluation feature ex-
traction used for nonlinear ultrasonic detection signals due to the influence of temperature,
shock, mechanical vibration, and other noise on the detection results during the detection
process. The relevant methods are mainly divided into two categories: (1) Using different
signal processing methods to eliminate noise interference and extract feature indicators
for damage assessment. Collison et al. [51,52] performed a time-frequency analysis of
ultrasonic detection signals using continuous wavelet transformation and selected the
average power of the low-order side-frequency components as an indicator of damage;
Yan et al. [53,54] proposed a new signal processing EMD-ESI-FFT method to extract nonlin-
ear coefficients as damage indicators; and Masuda et al. [55] used the Hilbert transform
to extract the amplitude modulation intensity as an indicator of damage. (2) Nonlinear
ultrasound and time-reversal methods are combined to achieve sensitive identification
and accurate localization of the damage. Time reversal refers to the calculation of the time
reversal of the signal emitted from the sound source after it is received by the transducer
array, i.e., the signal s(t) is changed to s(−t), and then re-emitted by the corresponding
receiving transducer unit, respectively. Signals emitted from different arrays and propa-
gated along different paths will arrive at the position of the sound source at the same time,
resulting in a superposition of focusing. Wan [56] applied the time-reversal method to
nonlinear coefficient extraction, and the experimental results showed that the energy of
the second-harmonic signal doubled after pulse-reversal processing. Goursolle [57] used a
P–M spatial model to simulate the time-reversal sound field in a solid plate. The results
showed that when using the high-order harmonic time-reversal method, the time-reversal
signal formed a focus at the nonlinear damage location, and damage localization could
be achieved based on the distribution of time-reversal sound wave energy. Extracting
appropriate feature indicators is crucial for evaluating the damage of SLM metal parts
based on a nonlinear ultrasonic response. The feature indicators should not only accurately
reflect the damage evolution process of the part but also exclude the influence of interfer-
ence noise. Due to the complexity of the interaction mechanism between ultrasonic waves
and mesoscopic damage in SLM metal parts, there is a lack of more practical methods for
extracting feature indicators. Therefore, how to extract suitable damage indicators is a
problem that requires in-depth research.

In summary, it is scientifically feasible to establish a failure mechanism model for SLM
metal parts based on the ultrasonic nonlinear response to track the mesoscopic damage
evolution of SLM metal parts and to clarify the cross-scale coupling mechanism between
the mesoscopic damage evolution and the evolution of the macroscopic service state.
However, due to the complexity of the interaction mechanism between ultrasonic waves
and mesoscopic damage in SLM metal parts, as well as the complex service conditions
faced by SLM metal parts, such as varying loads, working conditions, and strong impacts,
it is difficult to match the constructed failure mechanism model with complex practical
situations. The real-time collection and storage of “big data” by the component service
safety monitoring system is a “sleeping treasure”. Therefore, fully utilizing the effective
information hidden within the monitoring “big data” to further improve the mechanism
model is an effective way to solve the problem.

3. Data-Driven Approach for Evaluating the Service Status of Metal Parts

With the rapid development of big data, artificial intelligence, and sensor technology,
data-driven approaches for evaluating the service status of metal parts [58–60] have re-
ceived much attention from scholars, and thus, related technologies are flourishing. The
relevant research approaches can be summarized as follows
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3.1. Machine Learning Approaches

The main idea of the machine learning approach is to fit the evolution law of per-
formance degradation variables of metal parts through machine learning and predict the
remaining life of metal parts (quantified degradation state of service performance) by
rolling extrapolation to the failure threshold or to directly establish a mapping relationship
between monitoring data and failure time to predict the remaining life of the metal part.
Typical methods of machine learning include neural networks, support vector machines
(RVM), Bayesian networks, random forests, extreme learning machines, etc. For example,
Wang et al. [58] used a multi-scale attention convolutional network to predict the remaining
service life of milling cutters. By constructing a self-attention model, they effectively fused
the input multi-sensor monitoring data, designed a multi-scale learning strategy to auto-
matically extract degradation indicators at different time scales, and combined it with a
multi-layer perceptron to predict the remaining service life of milling cutters. Wu et al. [59]
used the random forest method to predict tool wear life based on the experimental data
collected from 315 milling experiments.

Machine learning-based prediction has significant advantages in the automatic extrac-
tion of deep indicators from big data, complex structural data fitting, nonlinear mapping,
etc. However, the “implicit” mapping relationship between monitoring data and failure
time, established by the machine learning network, is not clear in physical meaning, which
can reflect the specific characteristics of the monitoring metal part but cannot explain the
mechanism of the metal part’s degradation and failure. Although it can reflect the specific
characteristics of the monitoring of metal parts, it cannot explain the degradation failure
mechanism of the metal parts. In addition, the selection of hyper-parameters in machine
learning models has an important impact on the accuracy and robustness of the prediction
results, and how to reasonably select the hyper-parameters of machine learning approaches
is a very challenging problem. Machine learning approaches can only obtain deterministic
residual life prediction values, and there are deficiencies in the ability to quantify the
prediction uncertainty, and the inability to quantify the prediction uncertainty also means
the inability to quantify the risk of the prediction results.

3.2. Statistical Data-Driven Approaches

The statistical data-driven approach is based on probability and statistics theory
and establishes a performance degradation variable evolution law model in a random
model framework. It can not only obtain the point estimate of the remaining life but can
also describe the uncertainty of the prediction (confidence intervals, variance, and other
quantitative indicators of uncertainty), which is extremely important for the establishment
of personalized and precise health management of parts and scientific decision-making.
The relevant approaches can be divided into two categories: (1) Describe the evolution of
individual performance degradation variables through explicit stochastic process models
such as the Wiener process, Gamma process, Markov chain, hidden Markov process,
etc. [60,61], and realize the estimation of the model parameters through the monitoring
data, so as to quantitatively describe the uncertainty of the residual life prediction in the
form of probability distribution. (2) Use the multidimensional variables that characterize
the performance degradation of the metal part to establish an explicit model to describe
the uncertainty of the remaining life prediction. (ii) Use the multidimensional variables
characterizing the equipment’s performance to establish an explicit stochastic model so
that the model can reflect the degradation process of the metal part as comprehensively
as possible. There are two main ideas of multivariate coupling; one is based on the
Copula function [62,63], which integrates the marginal distribution of each degradation
variable and the Copula function into an overall distribution. The second is to transform
the multidimensional data projection into one-dimensional data through optimization,
weighting, fusion filtering, and other information fusion approaches [64–66].

The statistical data-driven method has a natural advantage in quantifying the un-
certainty of remaining life prediction. The random model parameters are closely related
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to the degradation and failure process of metal parts, making the model interpretable.
However, its ability to process monitoring big data, which has characteristics such as large
differences in multi-source signals, multiple sampling strategy forms, and a low data value
density, is very limited. In addition, based on a single performance degradation variable, it
is not possible to comprehensively characterize the health status of parts under complex
operating conditions. The existing basic idea of modeling multivariate stochastic processes
is to convert multivariate variables into single variables, which does not fully consider
the mechanism of multivariate coupling and mutual influence. Moreover, the problem
of solving the remaining life distribution caused by multivariate coupling has not been
effectively solved.

3.3. The Combination of Machine Learning and Statistical Data-Driven Approaches

Combining the machine learning approaches with statistical data-driven approaches
is expected to integrate the advantages of both and compensate for their respective limi-
tations. For example, Yu et al. [67] used transfer learning techniques to extract the perfor-
mance degradation features, established a Gaussian process regression prediction model,
and finally updated the parameters of the Gamma degradation model based on the pre-
dicted values, achieving a reliability evaluation and remaining life prediction of a part.
Duan et al. [68] used an asymmetric dual channel autoencoder to extract the performance
degradation features, constructed health indicators in an unsupervised manner, and in-
troduced a nonlinear Wiener process (NWP) to construct a device degradation evolution
model. The NWP was used to calculate the remaining life probability density function,
and the expected value on the confidence interval was calculated to obtain a remaining
life prediction containing uncertainty estimates. However, it cannot be ignored that such
methods have some limitations. Firstly, the degraded features extracted by machine learn-
ing and the modeling of stochastic processes are only a simple combination relationship,
which cannot guarantee that the extracted degraded features can adapt to and match the
stochastic process model used. Secondly, the challenge is that the degradation indicators
extracted from monitoring big data through machine learning do not have clear physical
meanings, and how to reasonably determine the failure threshold based on the degradation
indicators has become a new problem.

How can the degraded indicators extracted by machine learning adapt and match
the random process model used? Some scholars have conducted exploratory research.
Zhang et al. [69] proposed a solution for predicting the remaining life of randomly de-
graded metal parts through a number-model linkage solution. “Number” refers to the
extraction of degraded features from data, while “model” refers to the random modeling of
the time-varying evolution process of the extracted degraded indicators. Figure 3 shows the
number-model linkage flowchart for predicting the remaining life of randomly degraded
metal parts. Based on the multi-source sensor monitoring data of the equipment, a com-
posite health index is constructed by the weighted fusion of multiple sensors at the data
layer to characterize the degradation characteristics of the equipment. Then, a stochastic
process model is used to characterize the time-varying evolution trend of the composite
health index. The life value prediction is achieved by solving the time when the first failure
threshold of the composite health index is reached. Based on the deviation between the
predicted life value and the actual life of the equipment, an optimization objective function
is constructed to characterize the prediction effect. The fusion coefficient of multiple sensors
and the parameters in the stochastic degradation modeling are inversely optimized and
adjusted to form a feedback loop between the extraction of the composite health index and
the stochastic degradation modeling, achieving the goal of automatic matching between
the composite health index and the stochastic model. The experimental results show that
compared with typical machine learning approaches and combination approaches, such as
support vector machines, convolutional neural networks, deep belief networks, improved
particle filtering algorithms, recurrent neural networks, autoencoders, etc., the remaining
life prediction reliability of the number-model linkage approach is higher. However, the
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drift coefficient estimation results of this approach ignore the data of the intermediate
evolution process, which will inevitably affect the predictive performance of the model.
Secondly, when optimizing the objective function, it only considers the point estimation of
the remaining life prediction without considering the variance of the remaining life predic-
tion that reflects prediction uncertainty. Therefore, further in-depth research is needed to
provide more optimized solutions.
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3.4. Mechanism Model Combined with Data-Driven Approach

The main method of mechanism modeling is to construct parameterized mathematical
models that describe the degradation process of parts based on failure mechanisms. Existing
mechanism modeling approaches make it difficult to accurately reflect the actual service
status of parts under nonlinear and complex conditions. The feasible solution to this
problem is to fully utilize the real-time operational monitoring of big data of the specific
part and combine the mechanism model with data-driven approaches. This type of method
can be divided into two categories: (1) constructing a degradation state measurement model
based on mechanism models that are based on monitoring big data, using Kalman filtering,
particle filtering, and other methods to update the degradation state and mechanism model
parameters, and thus achieving a part’s remaining life prediction [70–72]. (2) Based on the
data-driven and mechanistic models, predict the remaining life of the part separately and
integrate the remaining life prediction results of the two models using decision layer fusion
approaches [73–76]. Although the combination of mechanism models and data-driven
approaches has made some progress, if the combination of the two types of models is not
reasonable, it will introduce new errors and thus, cannot improve the reliability of the
remaining life prediction results of metal parts. Secondly, due to the nonlinear and complex
characteristics of a metal part’s operating conditions in practical applications, it is difficult
to model an accurate mechanism model that characterizes the evolution law of its service
state, or the cost of obtaining a mechanism model is too high, which, to some extent, limits
the promotion and application of such approaches.

4. Problem Analysis and Solution Exploration

From the current research status, the personalized and accurate health management
of service metal parts is a frontier research direction driven by engineering demands, and
there are few reports on an intelligent assessment of the service state of SLM metal parts
under nonlinear and complex operation conditions. The existing theories and methods
still have many deficiencies in solving residual life predictions and achieving intelligent
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assessments of the service state of service parts, and the related problems need to be studied
in depth and systematically.

SLM additive manufacturing technology can form functional parts with almost 100%
density of any complex structure. It has a very wide range of application prospects in fields
such as aerospace, medical equipment, and the automotive industry. However, the process
of forming SLM metal parts is a complex metallurgical process. Due to the absorption of
high-energy laser beam energy by the metal powder, the temperature rapidly rises, causing
the metal powder to melt and solidify quickly. The forming process is also affected by
factors such as material properties, process parameters, and equipment conditions. Even if
the strength requirements are met, initial micro defects are inevitably present inside SLM
metal parts [77–80]. Figures 4 and 5 show the micropore, splash, and incomplete fusion
defects during SLM 316L stainless steel forming. When the energy of the laser beam is
too low, the melting time of the metal powder is too long, and it does not solidify quickly.
The gas carried in the metal powder does not overflow, forming micro-hole defects. When
the laser scanning speed is low, and the instantaneous energy of the high-energy laser
beam is too high, the temperature in the fusion zone rapidly increases, and the metal
powder quickly melts to form liquid metal. The liquid metal partially vaporizes, causing
gas-phase expansion between powders and back impact force. Under the action of the
back impact force, the metal–liquid phase is impacted and splashes, forming splashing
defects. Therefore, under nonlinear and complex operating conditions, these micro defects
will inevitably evolve gradually and macroscopically manifest as the gradual degradation
of the service performance and evolution of the service state of SLM metal components.
Therefore, tracking the mesoscopic damage evolution status of SLM metal parts, accurately
evaluating their service status (health status, quantified performance degradation status
(remaining life estimation), and failure status), and implementing personalized and precise
health management (normal maintenance, remanufacturing repair, reserved parts, and
scrap) at the “precise timing” of the evolution of the part’s service status can reduce costly
unplanned maintenance and achieve the goal of saving manufacturing costs and providing
environmental benefits at the same time.
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As can be seen from the above analysis, the classical mechanism modeling method
has the advantage of highly summarizing the universal laws of equipment failure. It is the
crystallization of human wisdom in basic disciplines, such as mechanics, physics, chemistry,
and materials, and has a solid scientific foundation. Therefore, the research team believes
that while revealing the scientific principles of the universality of part failure, by using
“measurement big data” to further fully express the “personalized” implicit characteristics
of metal parts, it is expected that a construct of a “chimeric” model with scientific univer-
sality and high compatibility with complex practical situations will improve the reliability
of the service status assessment of SLM metal parts in service. However, there are still
some challenges when specifically applying this method to solve the problem of service
state evolution and the life prediction of SLM metal parts under nonlinear and complexity
conditions. These challenges can be summarized as follows: (1) The evolution of the
service state of SLM metal parts is closely related to the mesoscale damage evolution. How
does the “chimeric” model reflect the coupling mechanism between mesoscale damage
evolution and macroscopic service state evolution? (2) How do we organically integrate
the failure mechanism model with the “personalized” information of the parts hidden in
monitoring big data when constructing a “chimeric” model? (3) How do we avoid the
blindness of a model’s hyperparameter selection and nonlinear optimization problems,
such as local optimization, when mining the effective information implied by monitoring
big data? (4) How do we achieve an online optimization evaluation of the service status
based on offline training of “chimeric” models? Therefore, establishing a scientifically
feasible “chimeric” model is an important means to ensure the safety of SLM metal parts in
practical applications. In terms of realizing the hybrid driving of the mechanism model and
data, Wang et al. [81] used a correlation vector machine with different kernel parameters
to regress the rolling bearing health indexes, then fitted the correlation vectors using an
exponential mechanism model, and dynamically evaluated the fitted degradation curve by
calculating the Frechette distance between the fitted degradation curve and the smoothed
sequence of health indicators to obtain the optimal degradation curve and its correspond-
ing degradation model parameters. Then, they recursively pushed the health indicators
until they reached the failure threshold to achieve the prediction of the remaining life of
the rolling bearing. Xie et al. [82] published a review paper in the Journal of Mechanical
Engineering in 2022, discussing the problem of “fusion optimization in the field of lithium
battery residual life prediction” and pointing out that the integration of mechanistic models
into data-driven battery life prediction algorithms can improve the interpretability of the
life prediction results, but their computational complexity is usually higher. However,
the computational complexity is usually high. How to propose a more reasonable fusion
framework to improve the computational efficiency of the algorithm is a key issue to be
solved in the future. However, these studies currently cannot be directly applied to the
intelligent evaluation method and theoretical framework for the service status of SLM
metal parts based on the “chimeric” model.

Yan et al. [50,53,54] have conducted extensive research on the failure mechanism
of additively manufactured metal parts, numerical simulation and experimental study
of ultrasonic inspection, ultrasonic inspection signal processing for nonlinear complex
systems, and data-driven remaining life prediction. The research [50,53,54] indicates
that the macroscopic damage and failure behavior of SLM metal parts originate from
the deformation and damage evolution at the mesoscale inside the parts. The use of an
ultrasonic nonlinear response-driven mesoscopic damage evolution tracking method to
clarify the cross-scale coupling mechanism between mesoscopic damage evolution and
the macroscopic service state evolution of SLM metal parts is scientifically feasible [83–91].
Due to the fact that nonlinear ultrasonic testing can essentially reflect the influence of
tiny defects (micrometer level) inside metal materials using the ultrasonic propagation
process [92–94], and the numerical simulation technology of nonlinear ultrasonic testing is
relatively mature, Yan et al. [53,54] used numerical simulation methods to deeply study
the physical mechanism of the nonlinear response generated by the interaction between



Materials 2024, 17, 5648 13 of 19

ultrasonic waves and the mesoscopic damage of SLM 316L stainless steel parts. Combined
with high-cycle fatigue loading experiments and nonlinear ultrasonic testing experiments,
they systematically explored the method for accurately describing and characterizing the
service state evolution of SLM 316L stainless steel parts based on ultrasonic nonlinear
responses, established a failure mechanism model for the tested specimen, and used the
established model to predict the remaining life of SLM 316L stainless steel specimens. Not
only does it solve the problem of high costs in obtaining failure mechanism models, but
also, the ultrasonic nonlinear response characteristic parameters also have clear physical
meanings, and the interpretability of the established model is strong. Figures 6 and 7 [95]
show the partial research results. The normalized ultrasonic nonlinear coefficient is sensitive
to the fatigue damage degree of SLM 316L stainless steel parts that is caused by fatigue
loading. The relationship between the normalized ultrasonic nonlinear coefficients and the
fatigue cycles was roughly in a mountain-shaped curve. The variations in the mountain-
shaped curve can be divided into three stages. In the first stage, the multiplication of planar
dislocation is the reason for the increase in the normalized ultrasonic nonlinear coefficients.
In the second stage, with the accumulation of the fatigue degree, a microcrack appears
and gradually propagates, and the thicker dislocation vein gradually evolves into a more
dense dislocation wall so that the normalized ultrasonic nonlinear coefficients accelerate
and reach the maximum value. In the third stage, due to the propagation of the microcrack
into a macrocrack, the normalized ultrasonic nonlinear coefficients gradually decrease.
To enhance the generalization ability of the model, it is necessary to organically integrate
the “personalized” information of the parts hidden in monitoring big data into the failure
mechanism model, construct a “chimeric” model, and quantitatively evaluate and optimize
the model prediction results online in practical applications. The posterior distribution of
the latent variables in a given variational family for the probability model can be iteratively
estimated by the variational Bayesian method [96–101]. Therefore, based on the powerful
data information description ability of machine learning and the scientific foundation
of mechanism modeling, starting from the basic principles of Bayesian estimation, it is
expected to fundamentally solve the problem of uncontrollable service status and unsafe
service of SLM metal parts under nonlinear and complex conditions.

The evolution mechanism of the service life and service safety of SLM metal parts
come from practical applications, and corresponding theoretical research must also serve
the application. Based on the nonlinear response of the ultrasound, constructing a cross-
scale correlation model between the mesoscopic damage evolution and macroscopic service
state evolution of SLM metal parts is helpful for a deeper understanding of the mesoscopic
damage dynamics’ evolution that is driven by ultrasound nonlinear responses and revealing
the failure mechanism of SLM metal parts. In today’s era of fully developed artificial
intelligence, such as big data and 5G communication, there are sufficient basic conditions
for constructing a theoretical framework to solve this problem and researching effective
solutions. Measuring “big data” resources can provide a new avenue for research on the
evolution mechanism of service life and service safety of SLM metal parts, but it still requires
“exploring new paths and forging ahead”. Related research has promoted the cross-fusion
of metal physics, nonlinear ultrasound, and artificial intelligence. By organically integrating
the failure mechanism model of SLM metal parts with the “personalized” information
hidden in monitoring big data, a “chimeric” model suitable for intelligent evaluation of
the service status of SLM metal parts is studied, fundamentally solving the problem of
uncontrollable service status and the inability to guarantee the service safety of SLM metal
parts under nonlinear and complex conditions (Figure 8 shows the research outline). The
relevant research results have great theoretical research value and practical application
significance, which will promote the deep integration of big data artificial intelligence
methods with intelligent manufacturing, aerospace, medical equipment, the automotive
industry, and other industries. It is a key supporting technology for strategic emerging
industries that needs to be fully developed.
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5. Summary and Prospect

Due to the nonlinear, strongly coupled, and time-varying characteristics of the SLM
parts’ manufacturing process, the micro defects retained during the laser powder fusion
process determine that SLM metal parts will inevitably undergo mesoscopic damage
evolution and macroscopic service state evolution during service. Therefore, the primary
issue in improving the service safety of SLM components is to clarify the cross-scale
coupling mechanism between the mesoscopic damage evolution and macroscopic service
state evolution. Nonlinear ultrasonic testing has the advantages of being non-destructive,
fast, and with a wide detection range, which can fundamentally reflect the influence of small
defects inside materials on the ultrasonic propagation process. In recent years, scholars
at home and abroad have achieved many valuable research results based on nonlinear
ultrasonic evaluations of metal material damage (fatigue, aging, creep, etc.). The mesoscopic
damage evolution process of SLM metal parts is tracked based on the ultrasonic nonlinear
response in the proposed approach, and the cross-scale coupling mechanism between
mesoscopic damage evolution and macroscopic service state evolution will be clarified. On
this basis, a “chimeric” model will be constructed that organically integrates the failure
mechanism with the “personalized” information of SLM parts. The “chimeric” model
utilizes the powerful data processing capabilities of deep learning networks to condense
universal scientific laws of the evolution of the service status of parts from ultrasonic
monitoring data. At the same time, it further fully expresses the “personalized” hidden
characteristics of the SLM metal parts through the on-site monitoring of “big data”, which
can inherit the scientific framework of existing classical theories and explore the effective
information hidden in monitoring “big data”, thereby finding new breakthroughs to solve
problems. The proposed approach and technical roadmap in this paper are scientific and
operable and can effectively solve problems of uncontrollable service states and the inability
to ensure the service safety of SLM metal parts under nonlinear and complex operating
conditions. Future research work mainly includes:

(1) The mesoscopic damage evolution process of SLM metal parts is tracked based on
an ultrasonic nonlinear response, and the cross-scale coupling mechanism between
mesoscopic damage evolution and macroscopic service state evolution will be clarified.
Build a failure mechanism model based on cyclic Bayesian deep learning to achieve the
clustering-inversion process of ultrasonic monitoring data, service status evaluation,
and ultrasonic monitoring data estimation and construct a regularized loss function
based on the difference between monitoring data and its estimated value and the
hyperparameter σ to ensure the feasibility of intelligent evaluation of the SLM metal
parts’ service status based on ultrasonic monitoring data.

(2) Construct a “chimeric” model that organically integrates failure mechanism and per-
sonalized information of the SLM parts, design the mechanism for the organic fusion
of failure mechanism model and personalized information of the SLM parts, optimize
the loss function during the training process of the “chimeric” model using system
noise characteristic information, enhance the interpretability and generalization ability
of the model, and enable the “chimeric” model to match complex practical situations
while revealing the scientific mechanism of SLM metal part failure.

(3) The optimization process based on the Bayesian recursive estimation will be used to
construct the operational mechanism of the “service state evaluation network”, which
realizes the intelligent prediction and updates the process of the service state of the
SLM metal parts based on the “chimeric” model. The powerful nonlinear fitting ability
of deep learning will be combined with the Bayesian recursive estimation optimization
process to achieve complementary advantages and ensure that the “chimeric” model
converges to an effective solution, realizing the intelligent evaluation of the service
state of SLM metal parts under nonlinear and complex operating conditions.

(4) Based on Bayesian estimation theory, combined with the offline training of the
“chimeric” model operation mechanism and Bayesian recursive optimization strat-
egy, quantitative evaluation indicators for the service status assessment effect of the
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“chimeric” model will be derived. This can theoretically reveal that the intelligent
service status assessment approach, based on the “chimeric” model, can fundamen-
tally solve the essential reasons for the service safety problems of SLM metal parts
under nonlinear and complex conditions and enhance the generalization ability of the
“chimeric” model.
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