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The industrial production site for laser lap welding of thin stainless steel plates puts strict requests on the level
and fluctuation stability of penetration depth. Hence, the penetration depth monitoring is increasingly garnering
attention. This research proposes an optical coherence measurement-based approach to monitor penetration
depth utilizing machine learning in laser lap welding for stainless steel sheets. After the acquisition of the keyhole
depth signal by the coherent light beam, it is found that there is a significant association relationship between the
reconstructed keyhole depth obtained by empirical modal decomposition and the penetration depth curve, but
meanwhile a penetration depth monitoring error also exists. Accordingly, based on the cross-correlation analysis
and numerical simulation, it is revealed that the formation mechanism and sources of this error are related to the
“bottom melt layer thickness”, “hysteresis property” and “multiple reflections”. On this basis, a long short-term
memory network is built to memorize the historical information of the reconstructed keyhole depth for pre-
dicting the penetration depth at each moment. The experimental results demonstrate that the prediction model
has high accuracy and good generalization ability, and thus effective monitoring for penetration depth can be

achieved.

1. Introduction

As an advanced heat source for material joining manufacturing, laser
is widely used in the welding stainless steel sheets [1,2] because of its
advantages such as high speed, high energy density and small heat-
affected zone [3]. Non-penetration laser lap welding can improve the
aesthetics of the weld and the sealing of the component, which is often
applied in train body side walls and power cell top covers [4,5]. In the
non-penetration laser lap welding process, the penetration depth is a key
factor to ensure the aesthetics of the weld and the mechanical properties
of the components. If the penetration depth is too large, the lower plate
will appear heat-affected traces, and the weld will be unsightly. If the
penetration depth is too small, the strength of the welded joint will be
reduced, and even the upper plate will not be penetrated. Therefore, it is
very necessary to monitor the penetration depth of the non-penetration
laser welding.

Penetration depth monitoring technology based on traditional sen-
sors mainly collects various acoustic, optical and visual signals in the
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laser welding process, extracts signal features, and establishes the cor-
responding relationship between them and penetration depth. Accord-
ingly, it indirectly predicts penetration depth. With the aid of the built
ultrasonic phased array system, Mizota et al. [6] measured the depth of
the molten pool via computing the time of the receiving system. Huang
and Kovacevic [7] defined two acoustic characteristics of sound pressure
deviation and band frequency, and established the relationship between
acoustic characteristics, welding parameters and weld penetration
states, which can predict the overall penetration depth of each weld.
Mrna et al. [8] used a photodiode to collect the light intensity signal of
the plasma plume from 190 nm to 1110 nm, and investigated the cor-
relation between the weld melt depth and the optical frequency char-
acteristics. Sibillano et al. [9] used a spectrometer to collect the light
intensity signal of the plasma plume from 400 nm to 530 nm and
calculated and derived the electron temperature of the plasma plume,
and then the correlation between the feature and the penetration depth
is established. Finally, the laser power was adjusted in real time through
the PI controller to ensure the penetration depth stability. Zhang et al.
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[10] built a set of high-speed camera coaxial online monitoring system,
using the area growth algorithm to calculate the ratio of the diameter of
the keyhole at the top and bottom. Subsequently, the penetration state of
the weld was divided into “incompletely penetrated”, “moderately
penetrated” and “over-penetrated”. Blug et al. [11] used a coaxial high-
speed camera to acquire the images of the keyhole and molten pool
during laser welding, and used an omnidirectional algorithm to count
the number of keyhole pixels, which established a quantitative rela-
tionship between this pixel number and the penetration depth. In sum-
mary, the penetration depth monitoring technology based on traditional
sensors is easily interfered by various noises. The most critical problem
is that the correlation between the measured characteristic signals and
the penetration depth is not obvious in many cases, and thus the error is
large.

Plenty of studies have indicated that the most intuitive reflection of
the fluctuation of penetration depth is the variation of keyhole depth to
which it is directly related [12,13]. Among the few measurement tech-
niques for keyhole depth, a coherence interferometry-based emerging
imaging way called optical coherence tomography (OCT) can obtain
morphological features of biological tissues, and it is now widely used in
the clinical examination of medical diseases and the real-time moni-
toring of the manufacturing process status [14]. The main advantages of
OCT are its non-contact measurement, high measurement frequency and
high measurement accuracy [15]. In 2006, Precitec Germany introduced
a distance sensor based on optical coherence measurement, which is
suitable for long-distance measurement. The keyhole depth can be
measured directly by this sensor in the laser welding process, and the
measurement accuracy is not affected by metal vapor, factory gray layer
and various materials [16]. Blecher et al. [17] used inline coherence
imaging (ICI) to accomplish online measurement for the keyhole depth
of five different materials during laser welding with an error of less than
5 % compared to the weld depth of metallographic sections, except for
aluminum alloys. In 2018, the penetration depth monitoring technology
based on optical coherence measurement achieved industrial applica-
tion for the first time: it utilized the keyhole depth data collected by the
OCT sensor to control the laser power, thereby controlling the stability
of the weld penetration depth in the continuous laser welding produc-
tion process [18]. However, the OCT sensor also collects a lot of invalid
data during the laser welding process, because the keyhole is continu-
ously generated and collapsed, and the keyhole depth then oscillates at
high frequency, while the fluctuation of the penetration depth is smooth.
Therefore, how to predict more accurate penetration depth from the
keyhole depth data points is the most critical issue.

Currently, artificial intelligence (AI) technology has been proved to
be applicable to online prediction of various states and targets in the
laser welding process [19-21]. However, in the face of the penetration
depth curve characterized by both strong time-varying and nonlinear
properties, it is difficult for traditional AI models to achieve very ideal
quantitative prediction results. Fortunately, many time series networks
have flourished in recent years. As an impressive example, long short-
term memory (LSTM) network that can carry time history information
has been found to perform well in the field of intelligent laser
manufacturing [22,23]. Accordingly, the LSTM model provides a
powerful tool for real-time monitoring of the penetration depth curve
during laser welding.

This research aims to build an online penetration depth monitoring
system in laser lap welding of stainless steel sheets based on optical
coherence measurement, which can accurately predict the penetration
depth at each welding position in real time. The correlation between the
keyhole depth and the penetration depth is investigated, and the
mechanism and sources of penetration depth monitoring error are
revealed by numerical simulation technique. On this basis, an Al model
based on LSTM network for predicting penetration depth is constructed,
and the prediction accuracy of the model is verified. Ultimately, it is
worth mentioning in particular that unlike the qualitative detection of
various penetration states, which has been widely studied, this research
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achieves the quantitative monitoring of the penetration depth curve and
can allow the prediction of the specific depth value at each moment.

Together four sections make up the remainder of this paper. In
Section 2, the experimental setup with optimum process condition and
the optical coherence measurement technology are presented. Section 3
explores the correlation relationship between keyhole depth and pene-
tration depth, and provides the details of the implementation of nu-
merical simulation. In Section 4, the construction process of the LSTM
utilized to monitor the penetration depth are described along with the
theoretical basis of the network model. Eventually, Section 5 summa-
rizes the main research conclusions.

2. Experimental setup and OCT technology background
2.1. Experimental setup

The experiment platform of stainless steel laser lap welding and the
penetration depth monitoring system are shown in Fig. 1. The fiber laser
equipment installed here is IPG YLS-10000 with a maximum laser power
of 10 kW and a wavelength of 1060 nm. A laser welding head IPG FLW-
D50-W is used, and the diameter of the spot after collimation and
focusing is 0.5 mm. A KUKA six-axis robot with repeat locating accuracy
of + 0.05 mm is used. The penetration depth monitoring system adopts
the IPG LDD-700 coherent optical system with an imaging wavelength of
840 nm and a measurement frequency of 250 kHz. The experiments
utilize a form of flat plate lap, the experimental material is 316L stainless
steel, and the upper and lower plate sizes are 200 mm x 100 mm x 0.8
mm and 200 mm x 100 mm x 2 mm, respectively. Table 1 exhibits the
316L material’s chemical composition. For removing the surface oil and
oxide film before welding, a polishing machine is utilized to polish the
surface of the workpiece, and anhydrous ethanol is used for cleaning.

2.2. Penetration depth monitoring technology based on optical coherence
measurement

As exhibited in Fig. 2(a), the penetration depth monitoring system
based on optical coherence measurement mainly consists of light source,
beam splitter, reflector lens and photodetector, and the schematic dia-
gram of the measurement principle is shown in Fig. 2(b). The beam
emitted from the coherent light source is divided into two beams by the
beam splitter. One beam is reflected at the surface of the workpiece
through the reference path and the other beam is reflected at the bottom
of the keyhole through the measurement path. The two reflected beams
are recombined at the beam splitter, which is captured by the photo-
detector for evaluation and analysis. Coherent interference occurs when
there is an optical range difference between the reference path and the
measurement path within the coherence length of the light source. A
larger optical range difference indicates a larger modulation frequency
produced in the interference spectrum and a deeper distance. Subse-
quently, the keyhole depth data can be calculated by spectral analysis.
Finally, the keyhole depth curve is fitted by the luminance threshold
segmentation algorithm and the filter smoothing algorithm.

The coherent light beam has a wavelength of 840 nm, which is in the
near-infrared band, and has sufficient light intensity to easily break
through the barrier of weak metal vapor and plasma, so that clear
measurement results can be obtained at all times. For accurate mea-
surement of the keyhole depth, determining the location of the deepest
part of the keyhole is the most necessary condition. Different welding
process parameters correspond to different locations of the deepest part
of the keyhole. During laser welding, the metal material rapidly melts
and evaporates to produce keyhole, and the sidewall of the keyhole
continuously expands outward under the action of steam recoil pressure.
However, the front of the keyhole is the area to be welded, and the rear
of the keyhole is the melted metal material. On the one hand, the
expansion resistance in front of the keyhole is greater than that in the
rear, so the deepest location of the keyhole lags behind the laser beam
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Fig. 1. The stainless steel laser lap welding platform and penetration depth monitoring system.

Table 1

The chemical composition of 316L stainless steel.
Element C Ni Mo Cr Mn Si N Fe
Wt(%) 0.023 13.1 2.66 17.3 1.74 0.73 0.1 Balance

location. On the other hand, the laser beam is coaxial with the coherent
light beam. The 3D morphology of the keyhole is obtained by coherent
light surface scanning, as shown in Fig. 3. The redder color of the data
points indicates that the coherent light beam is more likely to directly
irradiate to the deepest part (maximum depth) of the keyhole. The
location of the data point with the reddest color is saved as the deepest
location of the keyhole, which is used for subsequent real-time mea-
surement of the keyhole depth under the same process parameters. In
addition, it is worth noting that the keyhole opening marked in Fig. 3 is
flush with the workpiece surface, serving as the starting position of the
keyhole depth in the vertical direction.

In the practical engineering application site of this research, it is
required that the penetration depth should be as large as possible but no
heat-affected marks should be allowed on the backside of the lower
plate. Therefore, the exploration of the process parameters is first con-
ducted. As exhibited in Fig. 4, the experiments are carried out under
varying laser power and varying welding speed respectively, and the
front and back images of welds with their size data are acquired. The

optimum combination of process parameters is finally determined as
displayed in Table 2.

3. Analysis on the formation mechanism of penetration depth
monitoring error

With the development of computer techniques in recent years, many
scholars have used numerical simulation methods to analyze the dy-
namic behavior of the molten pool and keyhole during laser welding, so
as to reveal its inherent laws. Liu et al. [24] established a numerical
simulation model for high-power laser welding of 316L stainless steel,
revealing the correlation between three typical weld morphologies and
the dynamic behavior of the molten pool. Wang et al. [25] used a
modified ray-tracing method to numerically simulate a 10-mm-thick
316L laser welding process and investigated the effect of energy den-
sity decay on the stability of the molten pool and keyhole. This chapter
mainly studies the dynamic behavior of the keyhole and the process of
penetration depth curing from the perspective of numerical simulation,
and clarifies the formation mechanism of the penetration depth moni-
toring error.

3.1. Relationship between keyhole depth and penetration depth

Before performing numerical simulation for the welding process, it is
of great necessity to explore the relationship between keyhole depth and
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Fig. 4. Front and back images of welds with their size data under different combinations of process parameters: (a) Varying laser power; (b) Varying welding speed.

Table 2

The optimum combination of process parameters.
Welding parameters Value
Laser power 2000 W
Welding speed 80 mm/s
Defocusing amount 0 mm
Shielding gas and its flow Ar and 25 L/min
Laser deflection angle +5°
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Fig. 5. Comparison of the original keyhole depth signal and the EMD-
reconstructed keyhole depth signal.

penetration depth at the signal aspect for more data information guid-
ance. The raw signal of the keyhole depth measured by the IPG LDD-700
optical coherence measurement system is shown in Fig. 5, with
dramatically oscillating waveform and many interstitial peaks and val-
leys. Apparently, it is a non-smooth signal, and its negative values
denote that the workpiece surface with a value of zero is the reference
plane. Empirical modal decomposition (EMD) algorithm is used to filter
and denoise the original keyhole depth signal to extract the local real
features.

As an adaptive time—frequency analysis tool, the major advantage of
EMD is that its basis function can be derived from the signal itself
[26,27], rather than relying on manual selection like wavelet packet
transform and other traditional methods. Especially for signals whose
frequency characteristics are completely unknown beforehand, such as
the keyhole depth data during laser welding, the EMD algorithm that
can adaptively and automatically determine the basis function is more
suitable.

As formulated in Eq. (1), a non-stationary signal x(t) can be con-
verted into multiple single-frequency waves (with a series of different
frequencies) and a remainder term by EMD:

x(t) = 3 et) + o) )

where c;(t) represents each of intrinsic mode functions (IMFs), r,(t)
denotes the remainder term. Here, after decomposition, a total of 9 IMFs
expressed in descending frequency order and a remainder term are ob-
tained. Among them, IMF 1 to IMF 3 are regarded as high-frequency
detail components, and IMF 4 to IMF 9 are regarded as low-frequency
approximate components which finally realize reconstruction together
with the remainder term. The keyhole depth signal reconstructed by the
EMD algorithm is shown in Fig. 5, and the effect of filtering and
denoising is obvious.

An issue deserving clarification in industrial production is that
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during the penetration depth monitoring process, the IPG LDD-700 op-
tical coherence measurement system actually measures the keyhole
depth, rather than the penetration depth. The procedure of collecting
true penetration depth data is provided here. Longitudinal section,
grinding, and etching are performed on each weld in turn. The Epson
Perfection V33 scanner is used to acquire the weld longitudinal section
image, and the resolution can reach 2400 dpi. Finally, Photoshop is used
to key out the melting area, and the penetration depth value at each
position of the weld is computed, as shown in Fig. 6.

Fig. 6 also shows the relationship between the reconstructed keyhole
depth signal obtained by EMD and the actual penetration depth curve. A
clear correlation can be seen to exist, and the degree of correlation be-
tween keyhole depth and penetration depth is measured by cross-
correlation analysis.

Cross-correlation analysis is a signal processing method used to
measure the degree of correlation of time series and to estimate the time
delay. The cross-correlation function between the reconstructed keyhole
depth signal f(t) and the penetration depth curve g(t) is defined as Eq.
(2). The larger amplitude of the cross-correlation function denotes the
stronger correlation between the two signals.

®))

T-co

R(z) = lim% /0 FO)g(t+7)de

The amplitude image of the cross-correlation function between the
reconstructed keyhole depth signal and the penetration depth curve is
shown in Fig. 7. The amplitude of the cross-correlation function obtains
the maximum value when 7 = 6.8ms. This means that the penetration
depth fluctuation lags behind the keyhole depth fluctuation with a la-
tency time of 6.8 ms. In the following numerical simulation, the value of
this latency time is verified and explained.

3.2. Numerical model building

The physical process of laser welding is very complex. In order to
improve the computational efficiency, it is necessary to simplify some of
the minor factors that are not very decisive for the simulation results.
The liquid stainless steel metal is regarded as a type of incompressible
fluid with Newtonian viscosity, and the laser source is assumed to be
Gaussian distributed. The mathematical and physical models for laser
lap welding of thin stainless steel plates established in this paper are as
follows.

(1) Governing equations

In order to analyze the heat and mass transfer and fluid flow pro-
cesses during laser lap welding of stainless steel, numerical simulations
are performed by solving the mass continuity equation, the momentum

conservation equation, and the energy conservation equation,

0 T T T T T

Optics and Laser Technology 181 (2025) 111811

2150 T T T T T T T T T

t =-6.8ms

max

2100 A

2050

2000 4

1950

1900

Amplitude of cross-correlation function

] 850 T T T T T T T T T
-1000 -800 -600 -400 -200 0 200 400 600 800
Time delay/t (ms)

1000

Fig. 7. The amplitude image of the cross-correlation function between the
reconstructed keyhole depth signal and the penetration depth curve.

respectively.
Mass continuity equation:
op

P9 p7) =0

ot 3

where 7 is the vector of the fluid velocity, and p is the fluid density.
Momentum conservation equation:

-
4 +V-VV | =

> —VP+uV?*V —pKV — Fy+ pg+F, 4

where K, P, u, Fp and F; are the Carman-Kozeny coefficient, the fluid
pressure, the fluid dynamic viscosity, the thermal buoyancy and the
volumetric Loren magnetism, respectively.

Energy conservation equation:

p<%+ 7-Vh) =V-(kVT)+Q; (5)

ot

where h represents the enthalpy, k denotes the thermal conductivity,
and Qy is the fluid Joule heat.

(2) Free surface tracking
In this research, the Volume-of-Fluid (VOF) method is utilized to

track the free surface’s dynamic evolution. The VOF control equation is
as follows:
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Fig. 6. The weld longitudinal section image, the calculation result of penetration depth, and the reconstructed keyhole depth signal obtained by EMD.
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%f +V.VF=0 (6)
where F is the volume fraction in the computational cells. And the
keyhole surface is deemed to be located at cells where F = 0.5.

(3) Driving force model

Recoil pressure and shear force of vapor, surface tension, buoyancy

and gravity together drive the flow of the molten pool. The vapor recoil
pressure P,, surface tension 7 and buoyancy F, are expressed as:

B T—T,
P, = 0.54Pyexp (L,,M RTT, ) )
d
1:10+é(T—T1) (8)
Fy = pgp(T —T) 9

where P, is atmospheric pressure, L, is evaporation latent heat, M is
atomic mass, Tj is the boiling temperature and R is an universal gas
constant.

(4) Heat source model

The laser beam reflection and absorption mechanism are simulated
by ray-tracing algorithm in this research. The laser heat source is
distributed in a Gaussian-like axisymmetric distribution. The heat flux
q., of the laser beam at the point (x, y, z) is as follows:

2
qL(x1y7Z):%exp(fx +y2) (10)

2
z rz

where Q is the laser power, and the laser radius along the beam axis and
energy ray direction can be calculated by:

1
272
14 (Z‘Zf) } an
z

where r, represents the Rayleigh length, z is the focal plane’s position,
and ry denotes the focal radius of the laser beam.

The keyhole wall absorbs the incident beam energy based on the
Fresnel absorption mechanism. Absorption ratio R is calculated by:

ry=ry

(12)

2

11+ (1 —ecosh)?
€2 + 2¢ecosd + 2cos20

&2 — 2ecosf + 2cos%0
1+ (1 + ecos)®

where 6 is the angle between the keyhole wall’s normal vector and the
inclined ray, ¢ is radiation emissivity. The ray y, reflected by the free
surface is calculated as:

Ar :)(i_z()(i'ﬁ) (13)

where y; is the ray before reflection.

Laser beam (5°)

' Fine cubic cells
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3.3. Implementation and validation of numerical simulation

Fig. 8 exhibits the geometric model of the numerical simulation case.
The size of the entire computational domain is 13.7 mm x 6.2 mm x 3.3
mm. For ensuring the output accuracy while improving the computa-
tional efficiency, the melting and heat-conduction regions are divided
into a fine mesh and a coarse mesh, respectively. The edge lengths of the
coarse and fine meshes are 0.2 mm and 0.05 mm, respectively. In the
initial situation, the upper plate area is —0.8mm < z < Omm; the lower
plate area is —2.8mm <z <-0.8mm; the protective gas area is
O0mm < z < 0.5mm. The whole boundary surface is defined as the wall
condition. Flow-3D software is adopted for solving the numerical
simulation model. Table 3 displays the physical properties utilized in the
simulation.

The top surface of the mesh model in Fig. 8 is set as the pressure/
temperature outlet boundary, and the boundary conditions should
satisfy Egs. (14-16):

Poutlet = PO (14)

Touter = To (15)
oT

Ga—_,:hc(T—To)—&—ée(T“—Tg) (16)
n

where Py and T, are the ambient pressure and temperate, G is the drag
coefficient, h, represents the convection coefficient, and § denotes the
Stefan-Boltzmann constant.

With the purpose of verifying the numerical model’s accuracy, the
laser lap welding process of stainless steel in a practical experimental
situation needs to be observed, and the simulation results should be
compared with the experimental results. In terms of the weld
morphology, the numerically simulated penetration depth (1.80 mm) is
very close to the actual penetration depth (1.79 mm), and the numeri-
cally simulated melt width (1.0 mm) is slightly smaller than the actual
melt width (1.25 mm), as shown in Fig. 9(a). In terms of the dynamic
behavior of the molten pool and keyhole, it is obvious that the melt pool-
keyhole morphology in the numerical simulation shot is essentially the
same as in the high-speed camera shot, as shown in Fig. 9(b). The high
agreement between the experimental and simulation results indicates

Table 3

The physical properties utilized in the simulation.
Parameter Symbol Value/unit
Liquid density p 7249 kgm™3
Solid density Ps 7050 kg-m~3
Specific heat of liquid phase G 830 Jkg 'K!
Specific heat of solid phase Cs 470 Jkg 'K !
Liquid temperature T 1697 K
Solidus temperature Ts 1674 K
Boiling temperature T, 3273 K
Surface tension coefficient T 1.533
Latent heat of evaporation L, 6.08 x 10° Jkg™!
Latent heat of melting hse 2.77 x 10° Jkg!
Dynamic viscosity U 8 x 103 kgm 157!

Laser beam (5°)

03 0 03 0.6
X-axis(cm)

Y-axis(em)

Fig. 8. The geometric model of numerical simulation.
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that the numerical model is reliable.

3.4. Sources of the penetration depth monitoring error

In the numerical simulation result, the keyhole depth and penetra-
tion depth at different moments of the same weld position are shown in
Fig. 10. As the laser continues to act on the keyhole and the energy input
continues, the molten pool expands deeper until it starts to cool and
solidify at the moment of T + 6 ms. During laser welding, the optical
coherence measurement system measures the keyhole depth at the
moment of T, corresponding to the maximum melt depth at the moment
of T + 6 ms. Hence, from the numerical simulation result, the lag time of
reaching the maximum melt depth is approximately 6 ms, which is close
to the time delay (6.8 ms) obtained from the correlation analysis in
subsection 3.1.

Besides, in a few other welding positions, we also find that the
simulated keyhole depth exceeds the simulated penetration depth, and
this phenomenon also occurs occasionally in the signal sensing result
exhibited in Fig. 6. Theoretically, due to the presence of the bottom melt
layer, the keyhole depth is absolutely less than the penetration depth. In
order to explore the keyhole depth measurement error, a total of 500

95.1um ": Delay distance

Molten pool — Laser beam (5°)

——

Keyhole

Max keyhole depth
(t=44ms

293 640 980 1330 1674

Fig. 11. The keyhole longitudinal section characteristic with the hystere-
sis distance.

images of the simulated keyhole longitudinal section are acquired with
0.2 ms intervals for a welding period of 0.1 s. The image feature is
extracted, and the distance from the deepest part of the keyhole to the
focus of the laser beam is defined as the hysteresis distance which is
initially described in subsection 2.2, as shown in Fig. 11, and the value of
this obtained distance is also displayed. During the first 5 ms when the
laser beam acts on the workpiece surface, the hysteresis distance at the
deepest part of the keyhole is in a process of steady growth, followed by
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a process of high-frequency oscillation with an oscillation frequency of
approximately 500 Hz.

According to the principle of optical coherence measurement, the
position of the coherent light beam is always constant, while the position
of the deepest part of the keyhole is in dynamic fluctuation. When the
coherent light beam position coincides with the deepest position of the
keyhole, the coherent light is directly reflected after a single reflection,
and the keyhole depth measurement is accurate. However, when the
coherent light beam is shifted out of the deepest position of the keyhole,
the coherent light beam is directly irradiated to the side wall of the
keyhole, which causes the keyhole depth measurement value to increase
after multiple reflections inside the keyhole. The effects of single
reflection and multiple reflections are shown in Fig. 12.

In summary, the penetration depth monitoring error mainly comes
from the thickness of the bottom melt metal layer between the keyhole
and the molten pool, the hysteresis property of the penetration depth
and the multiple reflections of the coherent light beam.

At the end of this chapter, it is worth further emphasizing that nu-
merical simulation is only used for qualitative mechanism explanation
and not for quantitative prediction, and the penetration depth curve
obtained by simulation cannot be regarded as the reality. The main
reason is that the multiple simulation results under a fixed combination
of process parameters are always constant and rough, whereas the cor-
responding real penetration depth curves of the multiple welds formed
differ in detail from each other. Therefore, the detailed real-time pene-
tration status with randomness during actual welding cannot be re-
flected quantitatively via numerical simulation and can only rely on
online monitoring.

4. Long short-term memory network-based penetration depth
prediction

4.1. Penetration depth prediction method

As mentioned above, the presence of the monitoring error means that
a suitable and effective Al algorithm must be selected to accurately
predict penetration depth from keyhole depth (reconstructed data).
Since there is a non-linear correlation between keyhole depth and
penetration depth, the penetration depth prediction can be regarded as a
regression fitting process. Machine learning has excellent learning
ability to approximate any nonlinear functions at any set accuracy
levels, and is now widely used in areas such as weld forming prediction
and weld defects identification [28,29].

In this research, the input data space of the reconstructed keyhole
depth obtained by EMD can be mapped to the output data space of the
penetration depth by using machine learning, so as to realize the
penetration depth prediction of unknown data samples.

When building a machine learning-based penetration depth predic-
tion model, the welding thermal history must be considered [30,31]. On

(a) A

Coherent
beam

Molten
pool

Keyhole

Base metal
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the one hand, the variation of the penetration depth lags behind the
fluctuation of the keyhole depth because of the hysteresis property of the
penetration depth; on the other hand, due to the continuity of the
penetration depth, the penetration depth at the current moment is
influenced not only by the keyhole depth at the current moment, but
also by the keyhole depth at the previous moment. In this research, the
penetration depth is predicted by the LSTM network, which can
optionally and automatically memorize historical information about the
keyhole depth for predicting the penetration depth at the current
moment.

The process of the penetration depth prediction based on the LSTM
network is shown in Fig. 13. Firstly, the original keyhole depth signal is
filtered and reconstructed by EMD. The dataset is normalized to elimi-
nate dimensional differences, as in Eq. (17). Then the LSTM network is
constructed, trained and tested. Finally, the penetration depth predic-
tion accuracy of the LSTM network is verified under the same welding
process parameters.

X— Xmin

X’loml - Xmax - Xmin (17)

4.2. Theoretical basis of LSTM model

The LSTM network is a kind of temporal recurrent neural network
(RNN), which is capable of mining the deep features of time series in-
formation autonomously [32]. Meanwhile, it has the ability to memorize
long-term dependencies, which is suitable for dealing with regression
prediction problems of nonlinear time series. Compared with traditional
RNNs, the LSTM network utilizes LSTM units instead of the original
hidden layer units, which can choose to remember, retain and forget
historical information, thus avoiding the problem of gradient disap-
pearance or gradient explosion [33].

A typical LSTM architecture is exhibited in Fig. 14. The LSTM
network consists of multiple LSTM cells connected in series, and each
LSTM cell mainly consists of input gates, forget gates, output gates and
cell state update sites. Among them, the cell state update sites remove or
add information to memory states through input gates, forget gates, and
output gates, and they record the historical information of all nodes and
are the long-time memory of the LSTM network. The current input gate
determines how much of the current input is saved to the current
memory state. The current forget gate determines how much of the
previous moment’s memory state is saved to the current memory state.
The output gate determines how much of the current memory state is
controlled to be output to the current state value.

For LSTM cells, the output variables of the input gates and forget
gates, the states of the update sites and the output variables of the output
gates are as follows:

it :O'((l)i'[xt,Ht,l] +bl) (18)

(b)
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Fig. 12. Different reflection modes of coherent beam: (a) Single reflection; (b) Multiple reflections.
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Fig. 13. The process of penetration depth prediction based on the LSTM network.

Fig. 14. The typical architecture of LSTM.

fe=olwy[xi, Ha] + by) 19
¢ = fici—1 + itanh (o, [x¢, He1] + be) (20)
0; = 6(0,-[xt, Hy 1] + by) 21)
H, = o;tanh(c,) (22)

where, w;. of. wc. , are weights of the input and forget gates, cell
state update and output gates, respectively; b;. bs. bc. b, are their bias
terms, respectively; o is the sigmoid-type activation function; tanh is the
hyperbolic tangent activation function.

4.3. Implementation of LSTM-based penetration depth prediction

In the constructed LSTM network structure, the time series of
keyhole depth acts as the input layer and the time series of penetration
depth is the output layer. The number of neurons in both the input layer
and the output layer is one. To reduce the complexity of the model, a
single hidden layer is installed in the LSTM network. The data set is
divided into a training set and a test set by the ratio of 4:1 to train the
LSTM network. After fine tuning, the sample sizes of the training and test
sets are 438 and 110, respectively. Table 4 displays the parameters of the
LSTM network. The penetration depth prediction result for the test set is
displayed in Fig. 15, and it is obvious that the penetration depth pre-
diction values are close to the penetration depth expectation values.

For quantitatively evaluating the prediction accuracy of the model,
the maximum absolute error (MAE) and root mean square error (RMSE)
are introduced in this paper to characterize the local prediction per-
formance and global prediction performance of the model, respectively.
The MAE and RMSE are calculated by Egs. (23) and (24).

MAE = max{|y; — ¥i|},i=1,2,3,...m (23)
Table 4
Parameters of the LSTM network.
Iterations  Learning Batch Dropout  Optimizer =~ Number of
rate size neurons in hidden
layer
500 0.005 32 0.5 Adam 12
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Fig. 15. The penetration depth prediction result for the test set.
RMSE = (2

where y; are the penetration depth prediction values of the test set
samples, Y; is the penetration depth expectation values of the test set
samples,m is the number of sample points in the test set. A smaller MAE
indicates a higher local prediction accuracy of the model, and a smaller
RMSE denotes a higher global prediction accuracy of the model.

The prediction accuracy of the LSTM network is shown in Table 5. It
is found that the LSTM network is accurate to within 80 pm (MAE) for
the penetration depth and can control the RMSE to within 30 pm.
Accordingly, the penetration depth monitoring by LSTM can meet the
accuracy requirement in the practical engineering application.

To further demonstrate the advantages of the LSTM model in
continuous monitoring of the penetration depth, three other classical
neural network models are additionally utilized, including RNN, deep
belief network (DBN) and adaptive neuro fuzzy inference system
(ANFIS). Their accuracy indicators for the penetration depth prediction
are displayed in Table 5. It should be noted that for these three newly
added neural networks (non-time series prediction models), the struc-
tures and capacities of the hidden and output layers and all the training
options are consistent with those of the LSTM, with the only difference
lying in the input layer.

As mentioned before, during laser welding, heat transmission and
thermal history cause the slight hysteresis between the keyhole fluctu-
ation and the penetration change. Thus, here, in predicting the pene-
tration depth value at T moment, each input layer of these three non-

Table 5
Prediction accuracy indicators of the LSTM and three other neural network
models.

Model\Criterion MAE RMSE

LSTM 77.31 pm 23.14 pm
RNN 80.94 ym 27.16 pm
DBN 83.69 pm 29.95 pm
ANFIS 88.13 pm 32.52 pm

Bold indicates optimal performance.
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time series prediction models must contain the keyhole depth values at
both T moment and (T-1) moment. In contrast, for the LSTM as a time
series prediction model, this extra operation is not required because it
already automatically takes into account the time-domain recursive in-
formation, but interestingly, its prediction accuracy is the highest.
Hence, LSTM is more suitable for being applied in real-time penetration
depth monitoring than the other neural networks used.

4.4. Validity verification of LSTM-based penetration depth prediction

Penetration depth monitoring requires good adaptability of the
machine learning model for the same process parameters during laser
welding. To verify the accuracy of the LSTM network in monitoring the
penetration depth under the same process parameters, the method is
used to predict all data in the penetration depth curve of another com-
plete weld under this optimum combination of process parameters, and
the LSTM no longer needs to be retrained. Fig. 16 exhibits the pene-
tration depth prediction result of the validation experiment, and the
accuracy indicators are displayed in Table 6. It can be noticed that the
penetration depth monitoring accuracy in the validation experiment is
also satisfactory. Therefore, the penetration depth prediction model
based on the LSTM model has good generalization ability. Furthermore,
it can be seen from Table 6 that in this case, the LSTM still has the two
best accuracy indicators among all the prediction models adopted.

5. Conclusions

In this paper, the penetration depth monitoring in laser lap welding
of thin stainless steel plates is performed. Based on the optical coherence
measurement technology and EMD for obtaining and reconstructing the
keyhole depth signal respectively, we explore the mechanism of the
generation of penetration depth monitoring error utilizing numerical
simulation, and build a LSTM model to realize the penetration depth
prediction at each position of the weld. The main conclusions can be
summarized as follows:

(1) There is a correlation between keyhole depth and penetration
depth. The penetration depth monitoring error mainly comes
from the thickness of the melt metal layer between the keyhole
and the molten pool, the hysteresis property of the penetration
depth and the multiple reflections of the coherent light beam.
Considering the continuity and hysteresis of penetration depth,
the LSTM network-based model for monitoring the penetration
depth from the reconstructed keyhole depth can be built suc-
cessfully and can narrow the MAE in the prediction to a scale of
80 pm and the RMSE in the prediction to a scale of 25 pm.
Under the optimum combination of process parameters, the
constructed LSTM model also has high accuracy of penetration
depth prediction facing the same process condition, demon-
strating the existence of the strong generalization ability of the
model.

(2)

3

In the future, we will carry out online feedback control for pene-
tration depth and integrate it with the real-time monitoring research, so
that the process parameters can be regulated by timely feedback to
control the penetration depth within the specified range, thus ensuring
the mechanical properties and aesthetics of the weld joint.
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Fig. 16. The penetration depth prediction result of the validation experiment.

Table 6
Prediction accuracy indicators of the LSTM and three other neural networks
(Validation experiment).

Model\Criterion MAE RMSE

LSTM 227.84 pm 77.42 pm
RNN 236.18 pm 80.59 pm
DBN 241.74 pm 87.03 pm
ANFIS 248.69 pm 90.35 pm

Bold indicates optimal performance.
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