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Abstract:
Laser beam welding manufacturing (LBW), being a promising joining

technology with superior capabilities of high-precision, good-flexibility and deep
penetration, has attracted considerable attention over the academic and industry
circles. To date, the lack of repeatability and stability are still regarded as the critical
technological barrier that hinders its broader applications especially for high-value
products with demanding requirements. One significant approach to overcome this
formidable challenge is in-situ monitoring combined with artificial intelligence (AI)
techniques, which has been explored by great research efforts. The main goal of
monitoring is to gather essential information on the process and to improve the
understanding of the occurring complicated weld phenomena. This review firstly
describes ongoing work on the in-situ optical sensing, behavior characterization and
process modeling during dynamic LBW process. Then, much emphasis has been
placed on the optical radiation techniques, such as multi-spectral photodiode,
spectrometer, pyrometer and high-speed camera for observing the laser physical
phenomenon including melt pool, keyhole and vapor plume. In particular, the
advanced image/signal processing techniques and machine-learning models are
addressed, in order to identify the correlations between process parameters, process
signatures and product qualities. Finally, the major challenges and potential solutions
are discussed to provide an insight on what still needs to be achieved in the field of
process monitoring for metal-based LBW processes. This comprehensive review is
intended to provide a reference of the state-of-the-art for those seeking to introduce
intelligent welding capabilities as they improve and control the welding quality.
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1. Introduction
Compared with traditional arc welding techniques, laser beam welding (LBW)

shows significant superiority in realizing automatic manufacturing processing,
high-efficiency production and accessing high-quality weld joints [1]. Also, LBW has
gained great popularity as a promising joining technology with deep penetration depth,
high precision, less distortion and good flexibility [2]. As an advanced manufacturing
technique, LBW has been widely applied to various industry fields, ranging from
small-scale manual welding to fully-automatic welding in the automotive, aerospace,
shipbuilding and electronic manufacturing fields[3]. However, LBW involves a lot of
complicated physical processes including metal melting/solidification, keyhole
formation and laser-metal interaction, which results in very complex transport
phenomena, thus the resultant weld quality is easily affected by some process
variables and defects including high-level of porosity [4], instabilities [5] and metal
spatters [6]. The potential weld defects significantly weaken the mechanical properties
of the welded parts and increased the risks of part fatigue, which resulting in a
non-acceptable welding product.

In order to improve the product quality and restrain the weld defects, and further
to better understand the in-process complex phenomena occurring in welding process,
a series of in-situ monitoring approaches have been proposed to provide valuable
information to characterize the process and control quality. The design idea of
mainstream monitoring solutions mainly depend on the utilization of the consequent
laser physical phenomena including melt pool, keyhole and plume within laser-metal
interactions. These physical phenomena carries various types of welding information
e.g. acoustic-emission [7]-[9], electrical [10]-[11], thermal radiation [12]-[13] and
visual signals [14]-[16], which are closely linked to the welding process and joint
quality. Therefore, the proper utilization of various monitoring sensors and systems is
a crucial issue for exactly describing the laser welding process. For example, a
microphone or piezoelectric element are used to collect the airborne and structure
acoustic-emission (AE) signals. Vision sensors including charge-coupled device
(CCD), complementary metal-oxide semiconductor (CMOS) and high-speed camera
with special filters are applied to capture the images of the molten pool, plume and
spatters. Spectrometer and photodiode-based sensors are utilized to collect the optical
signals include visible light (VIS), infrared light (IR) and ultraviolet light (UV)
wavelengths. The near-infrared (NIR) camera and pyrometer can be exploited to
gather the thermal signals emitting from the welding zone [22]. Complex monitoring
system usually consists of the above-mentioned sensors and various types of welding
information will be more comprehensively collected.

In recent years, some published reviews [17]-[20] introduced the effective
applications of various advanced sensing technology (i.e., vision camera, acoustic
emissions, ultrasonic testing and eddy current technique) to laser welding detection
and summarized the attempts to use artificial-intelligence (AI) technology for welding
quality recognition. In addition, the University of Kentucky Welding Research
Laboratory [21] systematically analyzed the advanced welding manufacturing as a



three-step approaches: i) pre-design that selects process and joint design based on
available processes; ii) design that uses models to predict the results from a given set
of welding parameters; and iii) real-time sensing and control that overcome the
deviations of welding conditions by adjusting the parameters based on in-situ
monitoring and adaptive control. As a matter of fact, most of the mentioned studies
mainly demonstrated the capability of measuring relevant signatures and investigated
the influences of the welding parameters on those measured quantities. Moreover, it is
predominantly the optical sensing techniques have been selected for in-situ, real-time
monitoring the LBW process due to a series of advantages of non-contact, intuitive,
integrated, flexible and multifunctional [22]. Indeed, in the mainstream literature, the
key term “monitoring” is applied to indicate the in-situ data gathering, feature
extraction and dynamic process modeling. From a statistical perspective, the term
“monitoring” refers not only to the data gathering but also to the process/defects
identification through automated alarm rules [23]. This kind of monitoring
methodology is needed to actually improve the intelligent capabilities of
next-generation LBW system. Therefore, the scope of this review mainly focuses on
the optical in-process monitoring with respect to observing, experimenting and
systematic gathering of information, special attention is given to discussions on:
in-situ sensing technology, multi-feature characterization and process modeling.

Fig. 1 shows the content structure of this review, which consists of two
mainstream processes. In forward-process (Sec. 2-Sec. 4), it begins with a detailed
introduction about the basics of laser welding and monitoring methodology, and
provided the common and advanced optical sensing techniques for observing the laser
physical phenomenon in Sec 3. Then, to achieve a quantitative characterization of
welding process, the optical feature extraction based on imaging/signal processing
methods were presented respectively in Sec 4. In feedback-process from Sec. 5, the
data-driven modeling based on machine learning techniques were summarized for
predicting and controlling the weld quality. Finally, Sec. 6 depicts the potential and
challenges about the intelligent monitoring of laser welding process and Sec. 7
concludes this review.

Fig. 1. The flow chart of in-situ monitoring process for advanced laser beam welding
manufacturing in this review.



2. Fundamentals of LBW and process monitoring
2.1 Physical characteristics of LBW process

Contrary to arc welding processes, the laser-based manufacturing technique
greatly enhances the processing flexibility with the contactless nature of laser light.
As a high-power-density heat source, the laser beam quickly heats up the metallic
plate surface to a certain temperature, at which the hot melt metal starts to vaporize at
the position of laser beam focus [1]. As shown in Fig. 2, two different operational
regimes of LBW process including heat-conduction type and keyhole type exist
governed by the laser power density [24]. During the conduction welding process, the
focused laser beam spot heats up the material to its melting temperature and then
quickly creates a stable melt pool on the surface of metal, but the laser power density
is not large enough to create boiling metal pool (see Fig. 2a). When the power density
increases to evaporate the material, the laser beam then drills a deep and narrow
capillary (keyhole) inside the melt pool. The keyhole will remain open and stable as
the laser welding process takes place due to the increasing evaporation recoil pressure.
In a stable keyhole, almost all the laser energy in the beam will be absorbed due to the
beam entering into the hole and reflecting inside it before it is able to escape, as
shown in Fig. 2b. Since the laser absorption is extremely high due to multi-reflection
inwards in the case of a keyhole formation, a keyhole type-based deep penetration
welding is regarded as an efficient joining process.

During laser welding process, a laser-induced plume (i.e., metallic vapour and
plasma) comprising a bright plume of evaporated metallic atoms and vapors is ejected
from laser-irradiated zone (especially a keyhole). The plume has a negative effect on
the laser welding process. It ejects at high speeds of 20-250m/s from the keyhole
opening and strongly depends on laser power applied [25]. At high laser beam powers,
the attenuation occurs due to scattering and absorption of incident laser beam, which
called the plasma-blocking effect. This leads to a lower penetration depth and process
instabilities. Meantime, the spattering of melt droplets caused by a strong stream of
the ejected plume, sometimes occurs from the inlet of a keyhole [26].

Fig. 2 Schematic drawing of laser beam physics in laser beam welding in case of
(a) conduction welding and (b) keyhole welding modes [24].



2.2 Categories of laser welding defects
During LBW process, the weld characteristics including weld appearance and

defects play an important role in deciding the mechanical properties, creep properties
and weld quality [27]. In general, the weld appearance including penetration depth
and bead width are the external manifestation of quality. The instability and regular
collapse of keyhole can result in a series of weld defects including porosity, spatter or
humping in deep penetration laser welding, which leading to a fracture or a disaster of
manufactured goods under improper conditions [28].

Prior to further investigation into the in-process monitoring approach, a
description of the weld defects is cited below aiming to provide a view as to the way
the process parameters affect the formation of weld defects and what kinds of physical
phenomena need to be monitored for the defect detection. Understanding the causes
that lead to the creation of abnormalities and examining the relationship of sensing
data with the creation of weld defects are paramount to achieving a high-quality weld
product. The laser welding defects are often classified into two characteristic groups: i)
geometrical/appearance defects and ii) internal/invisible defects, as shown in Fig. 3.
Some important welding defects and their physical origin are summarized in Table. 1.
From the above, it can be concluded that the formation of common defects in a weld
is strongly related to the stability of keyhole, melt pool and plume. Therefore, it is
vital of importance to monitor the occurring process phenomenon in order to prevent
the weld defects, further to achieve the real-time controlling of the weld quality.

Table 1 Classification of laser welding defects and explanation of their physical causes.

Category Defect Type Explanation Physical causes

Geometrical/
appearance
defects

Burn-through
Melt in a molten pool drops down to

form an underfilled bead
Too high heat input, excessively
severe melt flow, unstable keyhole

Undercut A groove along the toe of the weld bead
Metal spattering from the internal

keyhole

Underfill A concave surface of a weld bead
Backward flow of the melt pool

around the blind keyhole

Humping
The pushed molten metal from the rear

keyhole wall towards the back
Narrow and long molten pool,

collision of fluid flow

Internal/
invisible
defects

Porosity
Blowhole, pore, wormhole or bubble

inside the workpiece
The instability of the keyhole

and melt pool

Incomplete-
penetration

Joint not completely penetrated
Low heat input and not
fully-penetrated keyhole

Cracking
Solidification crack was often found in

the vicinity of vulnerable zone
Rapid cooling rate and large

temperature gradient ofmelt pool



Fig. 3. Schematic illustration (a) of laser beam keyhole welding during full-penetration [24]
and (b) examples of common welding defects.

2.3 Basics and challenges of in-situ monitoring
To obtain a solid understanding of the formation mechanisms of laser welding

process and related defects, it is crucial to explore the causal relationships between the
process parameters, process signatures and welding qualities, as depicted in Fig. 4.
The process parameters referring to key input characteristics (KICs) are the “model
inputs” and primarily determine the laser energy delivered to the surface of the
worrkpiece and how that laser energy interacts with metallic materials. The process
parameters can be categorized into either controllable variables (laser power, scan
speed and defocusing, etc.) or predefined variables (material properties, laser types
and workpiece conditions, etc.). The process signatures referring to key measurement
characteristics (KMCs) are dynamic characteristics of the workpiece heating, melting
and solidification processes as they occur during the laser welding. These signatures
are often the morphology of melt pool/plume and optical radiation intensity, which
depending on the physical phenomenon emitted from laser-metal interaction. In
addition, the process qualities defining as key performance characteristics (KPCs),
mainly includes the welding defects, penetration depth/status and bead widths, which
directly determine the resultant weld quality.



Due to the high-dynamic and complex characteristics of laser-metal interaction,
there exists some significant challenges in the process monitoring: 1) how to achieve
the high-quality and fast-speed gathering of various optical signals under
the lower SNR (signal-noise ratio) and strong metallic vapor/spatter circumstances; 2)
how to reveal the internal relationship between the large amounts of optical
information with random fluctuation (especially the radiation signals) and welding
process/stability; 3) how to accurately predict/identify the final welding qualities
(KPCs) under a time-varying and non-linearity process with many interacting factors
(KICs).

To identify and overcome these critical challenges above, this paper presents a
detailed review to introduce various monitoring methods in literature to make
fundamental progress. It mainly consists of three successive steps: i) in-situ optical
sensing that gather multi-dimensionality, multi-type and multi-scale data deriving
from laser radiation; ii) quantitative behavior characterization that analyze and extract
the optical signatures from the raw data for representing the physical phenomenon
(melt pool, plume and spatters), iii) process modeling that apply machine learning
algorithms to comprehensively identify the parameter-signature-quality relationship,
further to facilitate the development of the in-process monitoring and develop towards
real-time process control. The following sections will comprehensively review the
recent research and development of each of these steps.

Fig. 4 Interrelation between process parameters, process signatures and process qualities.



3. Optical in-situ sensing technology
In Sec. 3, we reviews previous research efforts on multi-wave optical radiation

sensing techniques for observing the melt pool and plume characteristics. The detailed
classification of optical monitoring techniques are displayed in Fig.5, and the
advantages and limitations of different techniques are summarized in Table 2.
Except for conventional optical monitoring methods, some novel optical sensing
methods including X-ray imaging and optical coherence imaging are depicted to
directly observe the internal physical characteristics (keyhole depth and porosity).

Fig. 5 In-situ optical sensing techniques in multi-wavelength during LBW process.
3.1 Optical radiation sensing
3.1.1 Photodiode-based sensor

Optical radiation signal mainly comes from the laser beam and welding area. The
molten pool, spatters and plume can emit strong optical radiation ranging from
various spectrum bands. In general, the optical sensors are distrubuted in multi-wave
light emission: i) ultraviolet (UV) and visible (VIS) waveband (400-850nm), ii)
laser-reflection waveband (1000-1100nm); iii) near-infrared (NIR) waveband
(1100-1800nm) and medium-infrared (MIR) waveband (>4000nm) [22]. Particularly,
the UV/VIS radiation comes from the atomic transitions and the bremsstrahlung
within the plasma plume, and IR thermal radiation is emitted from hot melt pool [30].

Deduced from the amount of reported studies, the photodiode-based sensors are
widely applied for real-time measuring vapor plume, reflected laser energy and
thermal radiation. Photodiode sensors within UV/VIS, NIR and MIR ranges are
commonly accepted in manufacturing industry due to a series of advantages of



flexible configuration, simple structure and low cost. During laser overlap welding,
three photodiode sensors were utilized to obtain independent information about the
thermal (T-signal) condition of the molten pool, the radiation from plume (P-signal)
and the back-reflected (R-signal) radiation of laser beam itself [29]. Fig. 6 shows the
schematic of optical monitoring system and detailed optical radiation bands. They
also suggested that the correlation between the T and P-signals is so strong that a T-P
signal would be more useful than the raw T-signal in identifying the fluctuations in
infrared radiation from the melt pool.

Table 2 Characteristics of different techniques applied for process monitoring
Sensor

techniques
Monitoring
objects

Sampling
frequency

Facility
cost

Technique
advantages

Technique
Limitations

Photodiode
Plasma plume

1~100kHz Low

Flexible configuration,
Simple structure,

High sampling frequency
High processing speed

Abstract one-dimensional
signals,

Low efficiency in
detecting slight defects

Reflective
laser energy
Thermal

Camera

Plasma
plume,
Melt pool,
Keyhole

0.5~5kHz
Medium~
High

Abundance intuitionistic
information about the

process,
Easy to understand the
complicated process

Easy to disturb by the
plume and spatters,
Low sampling speed,
High computing

demandsMelt pool 0.1-0.5 High

Spectrometer
Spectrum of
plasma plume

0.1-1kHz
Medium~
High

Flexible sampling
Wider measuring spectrum

range,
High sampling resolution

Susceptible to interference
of plume behavior,
Poor real-time
performance

Pyrometer
Temperature
of melt pool

1-50kHz Low

Temperature
contactless measurement,

Good capability of detecting
radiation,

High accuracy and speed

Hard to determine object
emissivity,

Limited capability of
weld defects inspection

X-ray
high-speed
imaging

Inner keyhole
and melt pool

1~10kHz
Extreme
high

High spatial-temporal
resolved information,

Visualization of the process
dynamics

Extreme cost equipment,
Harmful to human,
Difficult to apply in
industrial field

Optical
coherence
tomography

Depth of
keyhole

1~300kHz High

Direct measurements of the
keyhole depth,

Suitable for industrial field,
Strong anti-interference,

fast response and robustness

Extreme cost equipment,
Limited to the depth

information of keyhole,
Unstable measurement

accuracy

Metal-glass
“sandwich”
imaging

Inner keyhole
and melt pool

0.5~5kHz Low

Low-cost and flexible
configuration,

Visualization of the process
dynamics

High sampling resolution

Approximately
observation of inner
keyhole and melt pool,
Difficult to apply in
industrial field



Fig.6 The schematic of optical monitoring system and different optical radiation bands [28].
According to recent studies [30]-[31], the effect of power density on the weld

quality during laser welding process was considered. The co-axial back reflected and
emitted light from the process zone was also measured using three optical sensors,
each one measures the light emission in different spectral region (450-850, 1000-1200
and 1250-1700nm). From these optical sensors, the acquired signals were first applied
as benchmarks to correlate with the weld quality and defects. By using photodiodes
responsive to either visible or near-infrared emissions, a low-cost optical-based
monitoring system was developed to relate the photodiode signals to various weld
features, imperfections and process anomalies, in order to in-situ detect the
high-power laser welding quality [35]-[36].

Considering the metal evaporation depends on weld penetration depth and bead
width, it is suggested to apply the signals coming from the visible photodiode sensor
to detect the variation of penetration depth and bead width. Accordingly, researchers
attempted to adopt a multiple-sensor approach to make a more accurate identification
on the spatial position of the plasma plume. For instance, Brocka’ research team
[33]-[34] have devised a photodiode sensing system that can help to detect plume
position. Four same photodiodes were fixed at concentric positions to acquire the light
radiation signals coming from different positions. They investigated the correlation
between spatial light radiation and composite signals, and then determined the flow
direction of metallic vapour plume. Due to the advantages of contact-free
measurement principle and high sample rate, the photodiode-based optical sensing
system has been commercialized for several years. As shown in Fig. 7, a laser welding
monitor (LWM) system developed by Precitec company [32] can be easily installed
on the laser head, and the detected radiation is guided through a beamsplitter to the
optical sensor. When a high-quality weld is produced, the LWM system use a template
to set threshold values for typical signal features (such as mean value) and then accept
a pass or fail decision based on the given threshold values. However, this approach
requires large amounts of high-quality welds to be produced and used as a template
for each specific case, which might be a problem in low-volume production.



Fig. 7 The optical sensing system integrating into conventional laser head [32].
3.1.2 Spectroscopic Sensor

As is well-known, the spectroscopic sensor can monitor the emission spectra
generated from laser-induced plasma for recognizing some welding defects because
the plasma behavior contains a wealth of information about the laser welding process
[38]. In order to infer the large amount of information deriving from the weld zone
and enhance the possibility of distinguishing the source of welding defects, extensive
researches attempted to adopt a spectroscopic sensor instead of a single photodiode.
They applied the high-resolution monitoring solution to detect the laser-induced
plasma and further investigate the relationship between the process parameters and
radiation intensity of plasma plume.

In [37]-[40], by using the spectrometer equipping with a CCD detector array, the
acquired spectrum signals emitting from the plasma plume were acquired analyzed to
relate the temperature of the plasma electron and the weld penetration depth, and the
research findings could provide a solid foundation for the development of a
closed-loop control system. In an effort by Zhang et al. [32], the spectroscopic sensor
was applied to gain a better understanding of the emission formation of plasma plume
and in-situ detect the welding defects (i.e., blow out, undercut and humping) during
the high-power disk laser welding process. In addition, Fig.8 [42] proposed a
spectroscopic monitoring system to study the relationship between laser energy
transmission and plasma plume during vacuum laser welding process of aluminum
alloy, and then calculated the electron temperature/density of plasma plume based on
the spectroscopic analysis algorithm.



Fig. 8 The schematic diagram of the spectroscope measuring system (a) and plasma plume
spectrums (b) during laser vacuum welding [42].

3.1.3 Optical pyrometer sensor
It is worth noting that the laser welding is fundamentally a thermal

manufacturing process and the metallic material is melted by the high-energy laser
beam. Thus, the thermal radiation signal is significantly strong in the welding zone,
especially in the keyhole, molten pool and metallic vapor. Any variation of heat input
should lead to a distinguishable conversion in the thermal radiation [43]. For the
purpose of utilizing the transient temperature field in on-line monitoring and control,
a fast-processing, cost-effective, steady and credible approach should aim to reduce
the errors in temperature measurements. In current literatures, various types of
detection sensors and systems such as thermocouples [44]-[46], photodiodes [47]-[48]
and infrared cameras [49]-[51] have been proposed and compared. Unfortunately,
they are generally not suitable for laser processing in a complicated industrial
environment, since fast and precise measurements at each location are difficult to
obtain in real-time. Moreover, the acquisition may be significantly affected by laser
radiation and plume dynamics, depending on the fast heating and cooling rates of
melted metal during the laser processing [54]. Instead, a valuable temperature
monitoring technique referring to optical pyrometry is a non-contact measurement of
a body based upon its emitted thermal radiation compared to a black body.
Specifically, all objects above absolute zero emit thermal radiation, and the emissivity
of the detected object needs to be obtained for a precis temperature measurement [52].
The spectral radiance of an ideal black body at different temperatures as well as the
wavelength sensitivity range follows Planck’s law [53], as shown in Fig. 9(a).
Compared to the thermocouples at a fixed measuring point, the pyrometer have two
excellent merits of temperature contactless measurement and good capability of
detecting radiation emitted by moving melt pool, which helps overcome many
obstacles.

Fig.9(b) [54] adapted a coaxial two-color pyrometer to monitor the laser welding
process and discussed the dependence of the coaxial infrared temperature signal on
penetration depth and weld width. The results indicated that the use of infrared
radiation could be a promising tool for the temperature detection and weld quality
control. Another work [55] has been reported a 3D-scanner with integrated pyrometer
was designed to real-time monitor the temperature during quasi-simultaneous laser
transmission welding of polyamide 6. By changing the laser power, the laser beam
diameter and carbon black content in the lower polymer, the temperature information
was acquired under different welding conditions. In addition, a two-dimensional ratio
pyrometry [56] was combined to measure the thermal signal. It is proved that the
emissivity and attenuation of thermal radiation were independent of two-dimensional
temperature information. The proposed technique could be applied for calculating the
melt pool diameter and latent heat, and validating the simulation based on FEM
method. Although the optical pyrometer sensor has been widely applied in
temperature monitoring, there exists some significant drawbacks such as the slow
response time of measurement system and the intense interfere from hot plasma inside



the keyhole.

Fig. 9. (a) Spectral radiance of an ideal black body at different temperatures [53] and (b)
coaxial temperature monitoring system with a pyrometer sensor [54].

3.2 Camera-based vision sensing
As mentioned above, the optical radiation sensing technique is only an indirect

measure of the process dynamics with a very limited field of view. A direct
camera-based observation of the interaction between laser beam and metal material
does not suffer from these drawbacks. Nowadays, the camera-based monitoring
technique is suggested to be one of the most intuitive methods due to the advantages
of higher spatial measurement and yielding more detailed information [57]-[59].
Furthermore, it can in-situ monitor the dynamic behaviors of the melt pool and plume
and accurately locate/identify the weld defects. Therefore, extensive research attempts
have been made to utilize different visual sensors to obtain the in-process information
during laser welding.

The mainstream sensors and in-situ data collection devices proposed in the
literature can be grouped into three major categories: i) UV/VIS-camera, ii) NIR-
camera and iii) MWIR-camera, which can capture the images of plume or molten pool
based on optical radiation range during laser welding. A further categorization regards
the sensor mounting strategy involving co-axial and off-axial systems. In co-axial
configurations, the sensors exploit the optical path of the power source, whereas in
off-axial configurations, the sensors are installed outside the optical path, with a
suitable angle-of-view with respect to the region of interest. Table 3 summarized
some reported work on the different types of visual sensing techniques for in-process
monitoring of the physical phenomenon.



Table 3 Main set-up parameters proposed by authors for camera-based monitoring of LBW
process (Melt pool: MP, Keyhole: KH, Vapor plume: VP, Spatter: SP)

Type Target Camera Type Auxiliary Light Resolution Frame/fps Year/Ref.

Co-axial

MP, KH
High-speed camera
(Photon FASTCAM )

Semiconductor
(808nm)

512×384 50,0000 2020/[63]

MP, KH
CCD camera (Kodak

KAI-0340)
Green LED light
source (540nm)

648×488 210 2013/[60]

MP
CCD camera

(KP-F2A, Hitachi)
Green LED light
source (532nm)

644×239 30 2012/[65]

MP
High-speed CMOS

camera
None 64×64 7915 2009/[66]

KH
CMOS camera
(DFK42BUC03)

Green LED light
source (530nm)

1280×720 33 2015/[67]

MP, KH CMOS camera
Pulsed laser diodes

(840nm)
1312×1082 200 2019/[68]

MP
CMOS camera

(MQ013MG-ON)
None 7.7μm/pixel 172 2020/[69]

MP
CMOS VIS-camera and

NIR-camera
None 320×256 160 2013/[71]

MP
High-speed Tachyon 1024

MWIR-camera
None 32×32 - 2015/[72]

Off-axial

MP, KH CCD Camera None 659×493 200 2020/[73]

MP, KH
NAC high-speed
NIR- camera

None - 1000 2014/[82]

MP, KH
NAC high-speed CMOS

camera
Diode laser light
source (980nm)

512×500 5000
2014/[83]
2015/[84]

MP, KH
VP, SP

High-speed video camera
Diode laser light
source (808nm)

- 5000 2013/[90]

MP, VP
and SP

NAC high-speed
camera

None 512×512 2000 2014/[89]

KH, VP
Photons A4 high-
speed camera

Semi-conductor laser
source (808nm)

- 20000 2018/[92]

KH, VP
High-speed camera

(Olympus, i-SPEED 3)
Diode laser light

(808nm)
- 1500 2021/[91]

3.2.1 Co-axial visual sensing
Over the past decade, many scholars have designed and developed a co-axial

visual setup system to monitor the dynamic behaviors of the melt pool and keyhole in
laser welding. In [60]-[65], a co-axial monitoring system including a high-speed
CMOS camera and auxiliary illuminant system was built to obtain the keyhole and
molten pool images during conventional/remote lap laser welding, and then the melt
pool width was calculated to identify the weld surface width and penetration status.
Other reported studies [66]-[69] also applied the co-axial VIS-camera systems with



external illumination to acquire the visual images and extract geometrical features
from the auxiliary illuminated process zone, including keyhole area, weld pool area,
weld width and background area.

Except for the laser keyhole welding, the work by Tang et al. [70] developed a
real-time visual monitoring system comprising a CMOS camera and a coaxial assisted
module of the laser head, and captured the the images of the molten pool in the
passive illumination condition during laser surface melting (LSM) process. Fig. 10
[71]-[72] developed a coaxial monitoring system integrating VIS and NIR-camera
without auxiliary illumination, and a real-time image processing system analyzes the
camera images regarding welding irregularities and delivers information to
characterize the weld process and its result. In laser lap welding, Lapido et al. [73]
presented a novel approach for real-time monitoring evolution of the melt pool under
several welding procedures by utilizing uncooled PbSe image sensors in the
mid-wavelength infrared range.

Fig. 10. The welding zone at deep-penetration welding consists basically of three areas: the capillary at the

location of the welding spot, the liquid weld pool and the solidified seam [71]-[72].

3.2.2 Off-axial visual sensing
In contrast to the co-axial camera system, off-axial cameras with a more flexible

angle can be developed to gather information about the keyhole and melt pool, as well
as plume and spatters during LBW process. For instance, our research team have
performed a series of long-term studies on the process monitoring of laser-based
manufacturing, such as remote laser welding [74], pulsed laser spot/seam welding
[75]-[76],[124],[202], laser-arc hybrid welding [77]-[79] and laser melting deposition
[80]. By establishing an off-axial visual sensing platform consisting of the high-speed
camera and laser illumination system, we can clearly capture the images of
keyhole/melt pool and vapor plumes, and further investigate the metal melting/
solidification phenomena and the underlying mechanisms of the occurrence of
welding defects (cracks and porosity), which as shown in Fig. 11.



Fig. 11. The developed off-axial visual sensing platforms for capturing the images of keyhole,
melt pool and plume for the laser-based manufacturing process: (a) Remote laser welding [74]; (b)
pulsed laser spot welding [75]-[76],[202]; (c) laser-arc hybrid welding [77]-[79]; (d) pulsed laser
seam welding [124].

Recently, the researchers [82]-[85] applied a high-speed NIR-camera with a
narrow-band pass filter to capture the morphology of molten pool and its shadow
behavior during laser welding. By analyzing the geometrical characteristics of molten
pool shadow, the relationship between the morphology of molten pool and the LBW
stability was investigated quantitatively. Another reported studies [88]-[90], [209]
used two high-speed cameras in different wavelength to capture the vapor plume and
spatters in high-power disk laser welding, the result shows that the measurement of
UV/VIS-camera light was more appropriate for plume and spatter detection.
Meantime, the high-speed NIR-camera was setup at the position of 60° to the
horizontal direction to clearly monitor the behaviors of keyhole and melt pool. It has
been found that the vapor plume/spatter and keyhole/melt pool characteristics have a
close relationship with the laser power and the actual welding quality.



During the high-power fiber laser welding, a high-speed camera positioning
laterally was adopted to observe the spatter and vapor plume behaviors, in order to
better analyze the spatter formation mechanism[86]. Further, two high-speed cameras
were synchronously utilized to investigate the 3D vapor plume fluctuations in
overlap-joint of LBW. The results indicate that the position of the vapor plume
contains the abundant information on the welding process [87]. To better observe the
dynamic melt pool and vapor plume during laser oscillation welding, Li et al. [91]
employed a off-axial visual sensing system. The width of plume is acquired in front of
welding direction, while the height, area, and inclination angle are observed on the
side of welding direction. Meantime, the high-speed camera and the diode laser
source (808nm) are presented 70◦ in front of welding direction to clearly acquire the
images of the melt pool images by eliminating the interferences of plume and spatter
light. However, the camera-based sensors often suffer from heavy specular reflection
and interference from laser-induced plasma plume. Thus, the external illumination
system is required to heighten image quality, and the complex image processing
algorithms hinder its further development in automatic welding manufacturing.

As an emerging monitoring method based on the Faraday magneto-optic effect,
the magneto-optical imaging (MOI) is an integrative nondestructive method by using
the magnetic-field information of the workpiece to visually test its surface/inner
quality. Some reported works by Gao et al. [205]-[207] analyzed the principle of MOI
technique for defect detection, which converts the magnetic field distribution into a
MO visual image of natural weld defect during laser welding process. Further, Gao et
al. [208] proposed a multi-directional MOI technique based on induced rotating
magnetic field to solve the problem of directional detection of MO imaging under
alternating magnetic field excitation. Multi-directional defect detection experiments
clearly demonstrate the performance of the monitoring system under the rotating
magnetic field excitation.
3.3 Multi-sensor fusion of optical radiation and vision

Typically, one single sensor is not sufficient to describe the complete and
complex welding process, it has a rather low detection precision and can only identity
a few kinds of welding defects. Therefore, multiple sensors and systems should be
utilized to to gain overall knowledge of the welding process. The integration of visual,
photodiode and spectrometer sensing method has become the research focus of laser
welding monitoring in recent years, as it has the advantages of high sampling speed
and great information capacity that help to provide comprehensive feature information
of process detection. In previous research, Fig.12 [90] set up a four-signals detecting
system that combines two visual sensors and two photodiode-based sensors. With an
auxiliary illumination diode laser source (wavelength of 976nm), a visual sensor was
applied for observing the geometrical shapes of keyhole and molten pool. Another
visual sensor observed the formation of metallic vapor on top and bottom of
workpiece. In addition, the two photodiodes were adopted for detecting the intensity
of visible light emission and laser reflection. The proposed multiple-optics sensing
system can help provide a comprehensive understanding and accurate diagnosis on
high-brightness disk laser welding process. Wang et al. [93] combined an industrial



CCD camera and a spectrometer to simultaneously monitor the ARM laser welding of
stainless steels. The process characteristics of the keyhole entrance was observed by
the CCD camera, and the length, width and area also were quantified by the selected
image processing method. Furthermore, the intensity of metallic vapor and plasma
was obtained with the aid of the proposed spectrometer system, and then the
relationship between the keyhole entrance geometry and the plasma intensity was
analyzed correspondingly. The work by Kong et al. [94] also developed a real-time
monitoring system integrating with a high-speed CCD camera and Ocean-Optics
spectrometer to visualize the dynamics of the molten pool and plasma plume in laser
lap welding of galvanized high strength steel.

Fig.12. Schematic of multiple optics sensing of disk laser welding [90].
The Kaplan’ team [95]-[96] have focused their research on the multi-feature

analysis of weld defects by combining a photodiode sensor (developed by Precitec
LWM) with a visual sensor. The results concluded that the photodiode sensor is more
efficient in identifying weld penetration, while the camera yields more accurate
results for detecting some typical defects of blowout, undercut and humping.
Furthermore, the intensity of metallic vapor and plasma was obtained with the aid of
the proposed spectrometer system, and then the relationship between the keyhole
entrance geometry and the plasma intensity was analyzed correspondingly.
3.4 Novel optical sensing methods

As mentioned previously, the optical radiation and vision sensing techniques
mainly focus on monitoring the dynamic behaviors of the keyhole, melt pool and
vapor plume in the top view. However, it is not possible to directly observe the
internal keyhole and melt pool inside the metal which essentially determine the final
welding quality. Furthermore, the conventional optical-sensing techniques can provide
only minimal depth information and may be blinded by the intense emission of
metallic plasma and spatters. To gain insight into the process dynamics phenomena
including the shape and geometry of the capillary (keyhole) in the weld bead, some



novel monitoring methods including X-ray imaging technique [97]-[110], inline
coherent imaging [111]-[117] and metal-glass “sandwich” imaging [118]-[123] have
been proposed and achieved excellent results in laser beam welding. Next sections,
we summarize and analyse the research progress of the novel monitoring techniques.
3.4.1 X-ray high-speed imaging

The inline x-ray imaging is a well-established methodology for observing the
keyhole behavior with side view through the material. It can help acquire the high
spatial-temporal resolved information of the keyhole behavior and inner defects (e.g.
porosity) during the welding process. In earlier years, Katayama et al. from JWRI
[97]-[98] carried out the X-ray in-situ observation during laser welding to reveal the
mechanisms of the keyhole behaviour, bubble formation and melt flow inside the
molten pool. Meantime, Matsunawa's [99]-[104] group carried out other experimental
investigations to observe the dynamic keyhole shapes in deep penetration laser
welding by X-ray transmission imaging systems with a high-speed video camera.
Unfortunately, most of the obtained inner keyholes were not clear enough for further
quantitative analysis.

Recently, the Institut für Stahlwerkzeuge (IFSW) designed a X-Ray high-speed
imaging system to in-situ monitor the laser welding process at a high frame rate (up to
10kHz) [106]-[108]. As shown in Fig. 13(a), it consists of three main parts: the
processing area including the sample and processing-optics, the X-Ray tube and the
imaging system. The typical X-Ray image of a capillary (keyhole) in laser welding
can be acquired, as shown in Fig. 13(b). The X-ray system was successfully applied to
in-process measure the keyhole shape in laser welding of stainless steel. Shevchik et
al. [109]-[110] also used a high-speed hard X-ray radiography to directly visualize the
dynamical behavior of the melt pool inside the metal workpiece during LBW process.
The observation results are crucial to establish the ground truth of the events that were
adopted to define the different types of welding quality.

Fig. 13 (a) Facility for welding experiments with online X-Ray observation and (b) Typical X-Ray
image of a capillary laser welding process [106].



3.4.2 Optical coherence imaging
As noted above, the X-ray imaging system is capable to gain intuitive

information about the keyhole geometry such as size and shape. However, the laser
welding process is a highly dynamic process with obvious changes in a
very short time (less than 0.1ms). Since the keyhole is believed to be filled with metal
vapor, its optical extend can be measured by applying the optical measurement system.
Recently, the optical coherence tomography (OCT) proved to be a good choice in
laser processing due to a tiny measuring intensity [111]. Therefore, the Precitec
GmbH successfully developed an In-process Depth Meter (IDM) system to real-time
measure the capillary depths [113]. It operates at a wavelength of 1540nm with an
output power and the measurement rate is up to 70kHz with an axial precision of
10µm. Also, the OCT technique with a IDM sensor could achieve the adaptive
penetration depth control in fillet lap joint during remote laser welding (RLW)
according to [115]. To further improve the sampling frequency and temporal
resolution, Queen’s University have developed a Laser Depth Dynamics (LDD)
monitoring system based on inline coherent imaging (ICI) [116]-[117] which provides
direct geometrical measurements of the keyhole depth and associated dynamics at
rates>300kHz in comparison to the X-ray frame-rate at 1 to 10kHz. The technique is
closely related to spectral-domain optical coherence tomography (SD-OCT) and is
delivered through a camera port and combined co-axially with the process beam. ICI
simultaneously resolves backscatter from multiple depths along the laser processing
beam path, and is robust to all other optical signals (machining light, plasma,
black-body radiation, and so on) due to its inherent spectral filtering and coherent
time gating.
3.4.3 Metal-glass “sandwich” imaging

In general, the X-ray imaging technique is costly and harmful, and the OCT
technique is also expensive and only obtain the keyhole depth information. Therefore,
Zhang’ research group firstly [118] developed a low-cost and flexible sandwich
method which is an aluminum workpiece clamped in between two pieces of
transparent glass. It can clearly observe the inner keyhole in deep-penetration laser
welding and help provide an effective way to analyze two main absorption
mechanisms of Fresnel absorption and Inverse-Bremsstrahlung absorption exist in the
keyhole. Then a modified sandwich was proposed specimen including one sheet of
stainless steel and one piece of GG17 glass, in order to intuitively observe the keyhole
during laser welding with a 10-kW fiber laser [119]. In addition, Wu et al.[120]-[122]
both applied a steel-glass sandwich method to clearly observe the keyhole behavior,
spatter, and keyhole-induced bubble formation in laser welding. The observation
results revealed the the formation mechanisms of the spatter and bubble and then
discussed the relationship between the spatter and bubble formation. Zou et al. [123]
used the metal-glass sandwich imaging method to observe the laser-induced intense
evaporation vapor on the keyhole wall, in order to analysis the interaction processes
between the laser beam and keyhole wall.

The above-mentioned works mainly sought to elucidate the interaction
mechanism between the laser beam and keyhole wall, keyhole instability and weld



defects in continuous-wave (CW) laser welding of thick-plates. In pulsed-wave (PW)
laser welding of thin-sheet, our research group [123] have applied a high-speed
imaging (HSI) system for directly monitoring the dynamic behavior of inner keyhole
with the aid of a transparent glass under different parameters. The observation results
indicate that the weld penetration depth is determined primarily by the variation of the
keyhole depth/inclination angle and partly by the molten pool flow around the
keyhole bottom.

Fig.14 The keyhole depth fluctuation during pulsed laser welding based on metal-glass
“sandwich” imaging technique [123].

4. Behavior characterization technology
According to Section 3, the application of multiple sensors has provided large

amount of original data (signals or images) for laser welding monitoring. In order to
quantitatively characterize the laser physical phenomenon (keyhole, melt pool or
plume), it is necessary to extract the key measurement characteristics (KMCs) by
means of the advanced image/signal processing algorithms. These extracted features
that describe the significant characteristics of occurring phenomenon are required for
classical supervised learning algorithms and are often manually designed and depend
on signal types. The extraction of the meaningful features, such as spatial, temporal or
spatial-temporal features is the foundation of new non-destructive quality inspection
methods, which has been and remains a growing interest in manufacturing industry.
This section provides a literature review of the advanced processing algorithms based
on optical radiation and vision sensing techniques, and the detailed classification is
depicted in Fig. 15.
4.1 Optical Imaging processing

In the visual monitoring system for laser welding process, the imaging
processing plays an important role in obtaining the key visual features of welding
phenomenon accurately. The literature devoted to optical imaging processing is
summarized in Table 4 with respect to the geometric and statistical features.



Fig. 15 Overall classification of behavior characterization techniques during LBW process.
Table 4 Feature extraction based on imaging processing methods of laser welding

Original data Extraction technique Extracted features (KMCs) Year/Ref.

UV/visible images
of plume and
spatters

Image segmentation and gray-scale
processing and Karhunen-Loeve

transform

Plume size, plume growing direction,
spatter radius, ejected direction

and velocity
2014/[89]

Visible images of
melt pool

Hybrid adaptive keyhole detection
algorithm

Average gray value, area, and
perimeter of keyhole

2020/[62]

Image enhancement, edge detection and
morphology segmentation

Area, maximal width and
the tilt of the molten pool shadow

2014/[83],
2015/[84]

Otsu’s method, Canny edge detection,
binarization

Area of keyhole and width of
melt pool

2020/[125]
2020/[81]

Gray projection distribution and the
Poisson extinction method

Shape characteristics and area size of
keyhole and full penetration hole

2012/[65]
2020/[127]

Image segmentation based on
CNN model

Keyhole area, weld
pool area and weld width

2019/[69]

Infrared images of
melt pool

Improved homomorphic filtering
algorithm based on Fourier transform

Melt pool width 2014/[82]

Visible images of
melt pool

Principal components analysis (PCA)
Salient statistical features

of melt pool

2009/[66]
2015/[73]

Deep neural network (DNN) 2016/[128]
Convolutional Neural Networks (CNN) 2020/[129]



4.1.1 Geometrical features extraction
Typically, feature extraction in LBW applications is firstly performed by using

geometric information about the physical phenomenon. Conventional image
processing techniques including threshold segmentation, morphological operations
and masking are generally applied to extract the geometric features of melt pool or
vapor plume. Fig.16 [125] acquired the laser welding images of molten pool through
the coaxial monitoring system and adopted the gray-scale processing and binarization
to extract the geometric features of molten pool including the length, width, trailing
angle and area.

By applying the same coaxial observing system, a hybrid adaptive detection
algorithm was developed to segment the keyhole region and then extract/select ten
key geometrical features for describing the weld penetration status based on the
wrapper algorithm [62]. To improve the capacity of resisting disturbances (i.e., strong
plume and spatters), an improved homomorphic filtering algorithm based on Fourier
transform can be applied to analyze the infrared image characteristics and calculate
the melt pool width [82]. In addition, a conventional image-processing method was
proposed to extract the visual features of laser-induced plume and spatter including
the plume size, plume growing direction, spatter radius and spatter ejected direction,
which are closely related to the final laser welding quality [89].

Fig.16 The image process procedures of the molten pool and keyhole [125].
4.1.2 Statistical features exaction

As described earlier, the advantage of geometric features in industrial
applications are meaningful and easily interpretable, which can directly reflect the
physical characteristics of melt pool and plasma plume. Nevertheless, it is inevitable
to reduce the huge amount of theoretically possible features (e.g. shape and moment
based features) with expert knowledge. In contrast to the geometrical features
extraction, a principle component imagery (PCA) was firstly to extract
appearance-based features from the raw images, which can be considered as a
high-dimensional feature vector while every single pixel represents a feature [66]. The
proposed machine-learning algorithm can reduce the feature space by removing
redundant information based on a statistical approach compared to geometrical feature
extraction. Lapido et al. [73] also used the PCA algorithm for decomposing the
high-dimensional space of the MWIR images in a subspace of orthogonal components
of maximum variance, which is closely related with the melt pool geometry in laser
welding. However, the disadvantage of PCA method for feature extraction is less
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generally valid and more sensitive to variations of the experimental set up than
geometry-based features. Recently, an auto-encoder based on deep neural networks
was applied to extract salient, low-dimensional features from the high-dimensional
laser welding data, which are used as input to a temporal-difference learning
algorithm to acquire important real-time information about the process of laser
welding [128]. Moreover, the study work by Gonzalez-Val et al.[129] presented a
novel approach ConvLBM to monitor Laser welding processes in real-time.
ConvLBM uses a convolutional neural network (CNN) model to extract meaningful
features and quality indicators from raw MWIR coaxial images.
4.2 Optical signal processing

Except for the imaging process techniques, this section also reviews the
recent research and development of optical signal processing. Generally, the signal
processing includes three types: i) time domain analysis, ii) frequency domain
analysis, iii) time-frequency domain analysis, which are summarized in Table 5.
4.2.1 Time domain analysis

Considering the acquired optical signal itself is a time evolution of
non-stationary signal, the feature extraction in time-domain is the most nature and
direct method of analyzing the physical phenomenon which is to take time t as
independent variable [130]. Any signal evolution or local transition in the time
domain can be related respectively to process variation or to local macro/micro weld
defects. Thus, a fault detection algorithm is proposed and analyzed based on the time
domain comparison between the acquired signals and the reference signals, in order to
real-time monitor the laser welding process and diagnose the potential defects.

In earlier years, Park et al. [131] applied the UV and IR photodiodes to measure
the variation of plasma and spatter in CO2 laser welding and obtained the data number
deviating from the reference signals in time-domain analysis method, in order to
provide the key performance indicators for identifying the actual welding quality.
With the same photodiode (UV and IR) based monitoring system, Bardin et al. [132]
calculated the statistical feature of spike amplitude, which shows a more limited
correspondence with the imminent opening of the keyhole in full-penetration laser
welding. According to the studies from Lee et al. [133], an approach using
AI-algorithms was adopted for efficiently extracted the time-domain features of the
spectral information. The zinc and iron emission lines were pre-processed using
statistical features including the mean, root mean square, standard deviation, peak,
skewness and kurtosis. Based on the process data, the Fisher’s criterion was then
applied to rank several features for selecting the most valuable features. During
remote laser welding (RLW), the commercial LWM 4.0 system was applied to acquire
three types of photodiode-based signals (plasma plume, thermal radiation and
reflected laser light). The signal processing methodology is based on the evaluation of
the energy intensity and scatter level of the acquired signals, which can provide key
information about optical radiation emission and the inherent process variation [134].



Table 5 Feature extraction based on signal processing methods of laser welding

Analysis method Optical signal Extraction technique Extracted features (KMCs) Year/Ref.

Time domain
analysis

Optical emission in
UV/VIS and IR

Statistic energy analysis

Energy intensity
and local signal scatter

2021/[134]

Data number deviated from
reference signals and
standard deviations

2002/[131]

Spike, Pearson correlation,
mean value and variance

2005/[132]

Plasma spectroscopy
Statistic analysis

Electron temperature and its
standard deviation

2007/[135]
2012/[136]

Statistic analysis
and Fisher’s criterion

Ranked statistic features 2020/[133]

Frequency
domain
analysis

Optical emission in
UV/VIS

Discrete Fourier
Transform

Frequency spectrum
characteristic

1997/[137]
2012/[138]
2013/[139]

Fast Fourier
Transform (FFT)

Maximum frequencies
per time

2009/[140]

Power spectrum
Number of peaks and peak

frequencies
2021/[142]

Time-Frequency
domain analysis

Laser back reflection
and optical emission

M-band wavelets
Relative energies of narrow

frequency bands
2019/[143]

Optical emission in
UV/VIS

Discrete wavelet
transform (DWT)

Frequency Components
2010/[144]
2021/[147]

Optical emission in
UV/VIS

Orthogonal Empirical
Mode Decomposition
And Teager-Kaiser
Energy Operator

Amplitude and frequency of
IMF components

2008/[149]

Optical emission in
UV/VIS

Short-Time Fourier
Transform

The high frequency
component

2009/[148]

Optical emission in
UV/VIS

Winer-Ville distribution
Amplitude and frequency of

components
2019/[150]

4.2.2 Frequency domain analysis
Although the time-domain characteristics of optical signals can describe the

changes of welding process to some extent, it is not enough to fully reveal the
intrinsic features of optical signals. Since the frequency-domain analysis is a more
accurate and efficient analytical approach, lots of research has been carried out on the
frequency features of optical signals in order to specify the correlation between signal
frequency and the periodical changes of the molten pool. Once the correlation is
specified, the frequency features of the characteristic signals can be easily identified
when some welding defects occurred.

Earlier study [137] applied the Fourier Transform (FT) method to investigate an



oscillatory intensity modulation of the optical signals, which mainly originates from
the oscillation behavior of keyhole and melt pool during laser welding process. The
analysis results indicate that the spectral content of acquired signals could be applied
to detect a fully open keyhole and to determine the weld penetration depth in real-time.
The reported work by Mrna et al. [138]-[139] presented new findings about the
correlation between the keyhole depth and the frequency characteristics of light
intensity oscillation by using a discrete Fourier transform algorithm. The results
revealed that the lower frequency components correspond to melt pool oscillation of
the melt pool while the higher frequency components correspond to the plasma plume
oscillation. By applying the same FT algorithm, Schmidt and his research staff [140]
have pointed out that the frequency of melt pool oscillation is within the range of
300-500Hz, while that of the keyhole oscillation is within the range of 2000-2500Hz
in case of a 3.6kW laser lap welding process. In addition, Colombo et al. [141]
investigated the optical monitoring of the laser welding on titanium alloy workpiece.
It has been concluded that the time-domain features of the visible and infrared light
signals mainly reflect the welding defects (e.g. lack of penetration, undercut and
humping). Also, the strong keyhole fluctuation easily occur when the frequency of
visible light signals is within the 160-2400Hz range.
4.2.3 Time-frequency domain analysis

As is well-known, most of the acquired optical signals in manufacturing industry
are represented in the time or frequency domain. For stationary signals there is no
need to go beyond the time or frequency domain. However, the mono-dimensional
solutions (time or frequency) are not sufficient in dealing with the non-stationary
signals during the fluctuating laser welding process. Therefore, some common
time-frequency analysis techniques including Short-Time Fourier Transform (STFT) ,
Wavelet Transform (WT), Wigner-Ville Distribution (WVD) are suitable to analyze
the non-stationary and nonlinear optical signals. Fig.17 [148] has investigated the
frequency characteristic along the time axes by using short-time Fourier transform
method. The higher frequency component (4.8-12kHz) of the optical radiation signals
increases greatly when welding defects occur. This provides a reliable basis for
accurately detecting and positioning the welding defects, which as shown in Fig. 17.

Researches carried out by Giuseppe D’ et al. [149]-[150] proved that the
time-domain analytical approach based on the Winer-Ville distribution (WVD),
orthogonal empirical mode decomposition (OEMD) and Teager-Huang Transform
(THT) are more effective than traditional time or frequency domain processing
methods when used for locating welding defects such as the incomplete penetration
(0.5-2mm) and porosity (0.2-1mm). As it mentioned above, the signals generated
during the changing welding process are non-stationary, an important time-frequency
method based on wavelet transform (WT) algorithm is suitable for investigating the
time-varying phenomenon, which decomposes the signals into different frequency
bands and allows consequent easier extraction of key features related to weld quality.



Fig.17 Defects detection in time-frequency analysis during laser welding [148].
Fang et al. [146]studied the spectra of the optical signals emitted by plasma

during CO2 laser welding by using wavelet analysis. The results show that the wavelet
analysis can decompose the optical signals, extract the signal characteristics and
diagnose the defects location accurately. Sibillano et al. [144] applied the discrete
wavelet transform (DWT) to decompose the optical signal into various discrete series
of sequences over different frequency bands. The proposed DWT method is capable
of providing the time-frequency information simultaneously, in order to reveal a
correlation between the optical frequency components of the plasma plume oscillation
and the weld penetration depth. In [152], the same DWT method was also proposed to
analyze the signals within the time-frequency domain. The detail signals at different
decomposition levels disclosed the essential information with regard to the modes of
laser welding process. Accordingly, the deep penetration welding (keyhole) was
clearly distinguished from the shallow (conduction) welding mode. In addition, the
wavelet packet decomposition and principal component analysis (WPD-PCA) were
carried out to extract feature parameters of both high-frequency photodiode signals
and low-frequency spectrometer signals, which could perform laser welding process
monitoring and welded defect diagnosis [153].



Fig.18 Wavelet decomposition of the optical signal acquired by the different sensors for several
decomposition levels [152].

5. Machine-learning model technology
As it mentioned earlier, the gathered signatures of the melt pool and plume can

be observed and correlated with quality-related phenomena occurred during the laser
welding process. Unfortunately, the correlations of these signatures to certain quality
criteria (referring to KPCs in Sec 2.3) are often ambiguous and they are not sufficient
to directly measure addressed KPCs as an indicator of weld quality, so that statistical
proof of welding quality by a series of destructive tests is necessary [159].

Due to high dynamics of melt pool and plume, an approach based on precise
physical modeling of the welding process is not suitable for real-time quality
diagnosis. To date, almost predictions for LBW process are based on multi-physics
numerical simulation that are very difficult to solve and represent high computational
burden. In contrast, the use of machine learning techniques can reduce the dependence
on in-depth understanding of the LBW process and make extracting valuable
information from measurables easier. As such, recent development led to advanced
process monitoring systems which integrate the machine learning (ML) techniques for
weld formation prediction and defect diagnosis, in order to optimize/control the weld
quality. In this section, we mainly review the comparison of classical machine
learning methods and modern deep learning architectures with respect to prediction
performance. Table 6 outlines the machine learning techniques for obtaining KPCs
with classical ML and deep learning methods in laser welding process.



Table 6 Machine learning techniques for obtaining KPCs during laser welding
(RSE: Relative standard error, Acc: Classification Accuracy R2: Adjusted R Square)

Method Input (KICs/KMCs) Output (KPCs) ML techniques Performance Year/Ref.

Classical
ML

Welding parameters and
keyhole geometry

Penetration depth
and keyhole tilting angle

RBF neural network
RSE

(0.08~0.15)
2015/[67]

Keyhole geometric
features

Weld Penetration status
Wrapper and
Random Forest

Acc (98.53%)
AUC (0.999)

2020/[63]

Melt pool geometric
features

Good weld, weld width
exceeded, lack of fusion,

and undercut

Random Forest
classifier

Acc (99.9%) 2018/[166]

Keyhole geometric
features

Good weld,lack of fusion,
burn through,porosity

Hidden Markov
Model

Acc (93.27%) 2020/[127]

The relative energies of
frequency bands

No illumination,
conduction welding,

porosity

Support Vector
Machine

Acc
(85.9%~99.9%)

2019/[143]

DC/AC components of
radiation intensity

Penetration depth and
bead width

Artificial Neural
Network

R2 (0.929)
RSE (0.137)

1999/[170]

Process parameters and
OCT data

Poor and good welds
Artificial Neural

Network
Acc (81.8%) 2020/[172]

Intensity of three
photodiodes

Poor and good welds
Fuzzy Logic
pattern

Not mentioned 2001/[171]

Modern
deep

learning

MWIR/NIR Images of
melt pool and keyhole

Good, lack of fusion,
Sagging, lack of
penetration

CNN+GRU
(Classification)

F1-Score (0.938)
Acc (93%)

2021/[188]

Time-frequency spectrum
graphs Porosity defects

categories
(No and Yes)

CNN
(Classification)

Acc (90%) 2021/[190]

Images of melt pool and
keyhole

Acc (96.1%) 2020/[191]

Keyhole
aperture image

Laser absorptance
ResNet

(Regression)
R2 accuracy of

99.76%
2021/[192]

Images of melt pool and
keyhole

Penetration status
(PP, MP, FP, EP)

CNN
(Classification)

Acc (94.6%) 2020/[185]

Wavelet spectrograms
image of LBR signal

Conduction welding, stable
keyhole, unstable keyhole,

blowout and pores

CNN
(Classification)

Acc (71-99%) 2020/[193]

MWIR images of melt
pool

Good or defective welds
CNN

(Classification)
Acc (96.8%)

F1-score(0.975)
2020/[129]

Features from
multi-sensor information

Sound, blowout, humping
and undercutting

DBN
(Classification)

Acc (96.93%) 2019/[194]

Images of melt pool
Quality categories

(Humping, no-humping )
CNN with PSO
(Classification)

Acc (100%)
R2 (0.957)

2021/[195]



5.1 Classical machine learning method
In laser-based manufacturing field, such data-driven approaches have been

extensively studied in the past and are based on autoregressive exogenous (ARX)
model [154]-[155], cluster analysis [156], fuzzy logic (FL) [156]-[161] or on
supervised learning algorithms including multivariate regression (MR) [162]-[163],
multi-layer perceptron (MLP) [164]-[165], and decision trees (DT) [166]-[167], as
well as K-nearest neighbors (KNN) [168]-[169]. Once the eigenvector has been
established, effective identification and classification of different welding status or
defects can be realized by using advanced modeling technology. In general, fuzzy
logic technology is considered one of the most widely applied technologies for
welding detection. Based on the different photodiode signals (UV and IR), Park et al.
[171] has proposed a fuzzy pattern recognition system, which can help to distinguish
desirable weld seam from the bad one and recognize the causes of weld defects, such
as low heat input, focus misalignment, gap mismatch and nozzle deviation. Meantime,
they also proposed and compared the multiple regression analysis and neural network
algorithms in estimating the penetration depth and bead width with the acquired
photodiode signals [170].

In keyhole laser welding, Luo et al. [67] used a coaxial monitoring system to
observe/calculate the keyhole geometry from the top side, and then adopted a radial
basis function neural network for estimating the penetration depth and keyhole
inclination angle under the changing welding parameters. In addition, a feedforward
neural network (FNN) model was established to concern the optical features and
geometrical parameters (keyhole and melt pool) and also a support vector machine
(SVM) model was built to relate optical features and welded defects including
blowout, humping and undercut [153]. Deriving from the the collected keyhole
images, a sequential forward searching algorithm was combined with a random forest
classifier to select ten penetration status features (PSFs). It is found that the weld
penetration prediction model based on the PSFs has higher prediction performance in
identifying the weld penetration status [63]. Recently, Fig.19 used the optical
coherence tomography (OCT) to measure the capillary depth of the keyhole during
deep penetration welding. An artificial neural network (ANN) approach could be
utilized to reveal correlations between the weld depth signal and the weld seam
surface quality, underlining the high level of information contained in the OCT signal
about characteristic process phenomena that affect the weld seam quality [172].

Fig. 19 Prediction of the weld quality based on OCT data and ANN model [172].



5.2 Modern deep learning method
As noted above, the classical machine learning method mainly integrate the

process of feature extraction within the data-driven model to predict the weld quality
and defects. However, the feature extraction methods through handcrafted processing
algorithms often require much prior knowledge and are always specific to the task. In
addition, the limited handcrafted features of melt pool with conventional image
processing techniques may not be enough to describe the laser welding characteristics
[178]. Consequently, it is necessary to design an efficient deep Learning (DL)
approach to realize automatic feature learning and improve the weld quality. The deep
learning models are capable of extracting more refined and complex characteristics,
which providing higher classification accuracies than conventional approaches based
on feature engineering and traditional classifiers. Therefore, more researchers have
attempted to introduce deep learning to analyze the raw monitoring information
deriving from the LBW process.
5.2.1 Convolutional neural network (CNN)

As a dominant DL architecture, the state-of-the-art convolutional neural network
(CNN) exhibits brilliant abilities of high-level feature learning with the multiple
levels of hierarchical non-linear information processing. More recently, the CNN
model has gained increasing attention in the area of weld manufacturing field, which
is employed to undertake many tasks including welding defects detection [173]-[176],
penetration monitoring [177]-[181] and quality diagnosis [182]-[186].

For example, Günther et al. [128] suggested a deep learning scheme for
extracting relevant features from in-process laser welding data. They used a deep
learning-based auto-encoder with fully connected layers to create a new latent feature
space of 16 features that describe the welding images. With the help of these features
they used an SVM to predict the photodiode welding signal in the near feature based
on image features. Higher prediction accuracies were achieved compared to an
approach using PCA. In 2019, the work by Zhang et al. [176] presented a
CNN-architecture that uses features extracted from image and photodiode signals
recorded during laser welding to detect welding imperfections. The approach shows
promising results compared to a traditional ANN model, although it was not used to
extract features from raw sensor signals.

In addition, a typical CNN-based classification model was proposed for
identifying the different welding defects (under penetration or burn-through) in pulsed
GTAW with the three-way pool images, which demonstrates a better performance
with a higher classification accuracy of 99.38 % [173]. The University of
Kentucky[178]-[181] developed an end-to-end CNN approach to extract the visual
features automatically from top-side GTAW pool images and predict the resultant
penetration status. Gonzalez-Val et al. [186] presented ConvLBM, a novel approach to
monitor laser-based manufacturing processes in real-time. The ConvLBM uses a CNN
model to extract features and quality indicators from raw medium-wavelength
infrared coaxial images. The results demonstrate the ability of ConvLBM to represent
process dynamics and predict quality indicators in two scenarios: dilution estimation
in laser metal deposition and location of defects in laser welding processes. Moreover,



Fig. 20 applied a deep CNN model to reveal the unique signatures of the wavelet
spectrograms from the laser back-refection and acoustic-emission signals. The
autonomous classification of the revealed signatures is tested on reallife data, and the
confidence of the quality classification ranges between 71% and 99%, with a temporal
resolution down to 2ms [182].

Fig. 20 Supervised deep learning for realtime quality monitoring of laser welding [182].
5.2.2 Ensemble deep learning method

Considering the laser welding process is quite dynamic along with the plume and
spatter orientation vibration driven by the melt pool variation, the proposed CNN
architecture can only deal with the static information in the images/signals. Therefore,
using the standard CNN architecture may be not accurate enough for high-precision
defect identification during high dynamic laser welding process. To deal with the
issue above, a hybrid convolutional neural networks (CNNs) was proposed for
powder-bed fusion (PBF) process monitoring [187]. The hybrid models can learn both
the spatial and temporal representative features from the raw images automatically,
which demonstrates the superior performance of the proposed method compared with
the traditional methods with handcrafted features. Also, a hybrid network model
namely CNN and LSTM (long short-term memory) was developed to learn/extract the
nonlinear features of time series signals [196]. The CNN-LSTM ensemble method can
fuse the multi-sensor information of dynamic welding process and implement the
prediction of welding quality characteristics during pulsed GTAW process of
aluminum alloy including normal penetration, lack of fusion, sag depression, burn
through and misalignment.

In addition, Knaak et al. [188]-[189]developed a novel ensemble deep learning
architecture based on CNN-GRU (gated recurrent units), which uses spatio-temporal
features extracted from infrared image sequences to locate critical laser welding
defects including lack of fusion, sagging and weld deviation. The proposed method is
finally validated on previously unknown welding trials, achieving the highest
detection rates and the most robust weld defect recognition accuracy. In order to
improve the feasibility and generalisation ability of CNN-based laser welding
penetration recognition method, a label semantic attention (LSA) mechanism was
designed to guide CNN to learn the discriminative visual features in the raw melt pool
images [197]. The proposed knowledge-data hybrid driven method has not only fast
convergence speed and high accuracy, but also low dependence on model complexity
and data size. Moreover, it does not add too many parameters and test time, and can
meet the industrial needs in real-time monitoring the laser welding process.



To sum up, it should be noted that processing this data can require significant
computational power and thus there may be a need to filter the available input data for
these ML algorithms to be successfully deployed for real-time applications.
Furthermore, the volume and complexity of process factors and responses in laser
welding process may result in a large volume of coincidental correlations, making the
identification of causal relationships difficult by using ML solely. Despite this, the
ML algorithms especially for deep learning may be useful in identifying the
correlations and developing the process maps which are needed for real-time process
control, especially when conventional analytical approaches are insufficient.

6. Major challenges and potential solutions
Generally, the main object of in-situ monitoring is the improvement of

reproducibility and assurance of process reliability/quality during metal-based LBW
manufacturing. However, welding quality assurance is not the only aspect concerning
monitoring of laser manufacturing process, and the other significant uses for in-situ
monitoring is observing, experimenting, gathering of information and understanding
the process and related laser phenomena, and finally developing adaptability of the
process. Despite significant progress made in optical monitoring of the LBW process,
there are still many challenges towards applying these sensing approaches and
predicting the welding quality in industry, which as follows:
1) Physical realizability of multi-sensor fusion

The first challenge is to develop the in-situ sensing ability to capture the
abundant and valuable information of the laser physical phenomenon with sufficient
precision. During LBW process, strong brightness and high temperature of metal
plume and spatters increase the difficulty to clearly observe the laser interaction zone.
Moreover, the dynamic process involves a series of consequent phenomena including
melt pool, keyhole, plume and metal spatters, which carries various types of welding
information that directly determining the final welding quality. One single sensor or
system may be not sufficient to describe the complete and complex welding process.
As such, it has a rather low detection precision and can only identity a few kinds of
welding defects. Thus, more investigation needs to be geared toward in-situ
monitoring of LBW process by means of multiple sensors such as multi-wave optical
radiation, acoustic, thermal and visual signals. Very few efforts such as refs.
[90],[93]-[94] have designed a multi-sensor monitoring and analysis platform to gain
overall knowledge of the welding process, the scope and depth regarding
multi-information fusion technology is still limited and thorough study is needed.

When two or more sensors are applied with different acquisition resolutions, data
fusion techniques are urgently needed to combine the large-scale data and to match
the co-ordinate systems of the sensors, and further developments in identifying
multiple laser welding events within a single framework is required [198]. To make
full use of all the available information, it is promising to utilize the intelligent
sampling and compressed sensing techniques [199]. In addition, unified fusion theory
and data fusion architecture need to be developed for implementing large-scale data
mining in a statistical-analysis framework. It is believed that sensor fusion system in
conjunction with latest advance in artificial intelligence techniques would play an



important role in laser welding monitoring and quality inspection.
2) Accurate characterization of melt pool behavior

The application of multiple sensors has provided large amount of original data
(signals/images) for laser welding monitoring. In order to quantitatively characterize
the laser physical phenomenon, it is necessary to extract the key measurement
characteristics (KMCs) by means of the advanced image/signal processing algorithms.
Unfortunately, the very high sampling frequency for process monitoring, together
with the large dimensionality of the obtained data makes real-time feature extraction a
challenging task that motivates the research of novel and computationally efficient
techniques.
 For image processing field, the feature extraction in laser welding applications is

generally performed using geometric or statistical information about the detected
keyhole, melt pool or plume. Although it is possible to obtain the abundant visual
features (i.e., shape, dimension or textural information) with image processing
algorithms and select relevant features by automatic feature selection [127], it is
still a great challenge to determine the most essential features for characterizing
the complicated dynamic process. Moreover, it is also difficult to adaptively
extract the distinctive features of the highly dynamic melt pool/keyhole with
common image processing algorithms [129]. One potential solution to the image
processing challenge is the combination of the low-level handcrafted features
(based on prior knowledge) and high-level discriminative features (deep learning
model) [200], which could comprehensively characterize the behaviors of melt
pool and plume during LBW process;

 For signal processing field, the optical radiation signals from the photodiodes,
spectrometer, pyrometer etc. carry valuable information about the LBW process.
It is possible to develop many signal analysis methods (fast Fourier transform,
power spectrum) to find out the relationship between emission characteristics and
weld quality characteristics, in order to evaluate laser process quality. However,
these methods are based on the assumption of stationarity and linearity of the
detected signals. Unfortunately, the laser welding defects by their nature are
time-localized transient events. To deal with non-stationary and nonlinear time
series signals, one potential solution to the signal processing is to develop some
advanced time-frequency analysis techniques such as the Short-Time Fourier
Transform (STFT) [148], Wavelet Transform (WT) [147], Wigner-Ville
distribution (WVD) [150], in order to interpret and visualize the key information
about the weld quality. In addition, the optical measurement techniques could not
detect microstructural defects, such as porosity or cracks formed within the metal
materials, since these types of defects are hardly detectable by the only use of the
optical sensors. Therefore, additional detection techniques (i.e., acoustic emission
[201]-[202]) as well as the fusion sensing will be the next challenge for the
authors to investigate.



3) Reliability and generalizability of machine learning-based model
Due to the extreme complexity of the laser-material interaction, it is very

difficult to build a suitable physical model for real-time quality diagnosis and process
control. Under such circumstances, the machine learning (ML) methodology allows
developing the data-driven models rather than complex physical ones. The major
challenge in the development of ML algorithms is to establish an accurate
internal relationship between the welding parameters, process characteristics and the
actual quality. The challenges associated with data-driven in-process monitoring
techniques are: (i) not directly observe the welding defects/appearance but acquire
intermediate signals correlating to the corresponding quality, (ii) the interpretability
and feature-learning ability of the ML model need to be clearly elucidated, especially
for the deep learning model (i.e., convolutional neural network), which is usually
considered as a black box [200]; iii) the training samples shortage should be taken
into account. In actual welding environment, obtaining a large amount of effective
samples, especially the defect samples often requires time-consuming and
expends great cost. Moreover, the samples shortage problem not only affects the
model predicting performance, but also weakens the model generalizability
considering that there would be more data under other welding conditions that have
not been discovered yet [173].

An alternative solution for meet these challenges is the full integration of
physics-driven (process mechanism) and data-driven (machine learning) models,
which is becoming the latest trends and research focus of the intelligent welding field
[204]. Combining both approaches will allow the physics-driven approaches to
support the interpretability of results deriving from data-driven techniques, revealing
the hidden contents of the so-called “black-box”. Meantime, the outputs from the
physics-driven models applied as inputs to the data-driven models may provide a
larger set of input data for training, which could further increase the reliability and
generalizability performances of the ML methods in predicting and controlling the
welding quality.

7. Conclusions
There is a rapidly increasing number of studies in the literature aimed at

understanding the nature and process of LBW, their effects on the product quality and
how they can be mitigated or avoided by acting on several controllable parameters.
Indeed, the lack of robustness and stability of metal LBW processes has been widely
pointed out as one major issue that deserves considerable research efforts and
technological advances. The development and implementation of in-situ monitoring
solution represents a priority to push forward the industrial breakthrough of LBW
systems. This review summarized some conclusions as follows:

1) In-situ sensing has been proposed for different observable signatures,
including the melt pool, plasma plume and spatters. Other in situ non destructive
inspection systems are currently under development, e.g., optical coherence
tomography, X-ray and may be implemented and tested in the near future;

2) Based on the optical radiation and visual sensing technology, extensive
advanced image/signal processing algorithms have been widely applied to extract the



key feature and describe the significant characteristics of the laser physical
phenomenon;

3) Recent development led to advanced process monitoring systems which
integrate the machine learning techniques for weld formation prediction and defect
diagnosis, in order to control the weld quality. More researchers started to introduce
deep learning to analyze the raw information and extracting complex characteristics
of the laser welding process;

While these are all areas currently under investigation, there remains significant
scope for the development of new process monitoring approaches. As this field
matures further, we will no doubt see combination of in-situ sensing approaches being
developed and further advances towards characterization and process model. Each
development shows promise to increase reliability and stability for LBW processes,
thus unlocking the full potential of intelligent and sustainable manufacturing
technologies in various industry fields.

8. References:
[1] Katayama S. Handbook of laser welding technologies. Elsevier 2013.
[2] Matsunawa A, Kim JD, Seto N, Mizutani M, Katayama S. Dynamics of keyhole and molten

pool in laser welding. J Laser Appl 2008;10(6):247-254.
[3] Matsunawa, A. Problems and solutions in deep penetration laser welding. Sci Technol Weld

Joining 2001;6(6):351-354.
[4] Zhou J, Tsai, HL. Porosity formation and prevention in pulsed laser welding. J Heat Transfer

2007;129:1014-1024.
[5] Katayama S, Kawahito Y, Mizutani M. Elucidation of laser welding phenomena and factors

affecting weld penetration and welding defects. Phys Procedia 2010;5:9-17.
[6] Kaplan AFH, Powell J. Spatter in laser welding. J Laser Appl 2011;23(3):032005.
[7] Ao SS, Luo Z, Feng MN, Yan FY. Simulation and experimental analysis of acoustic signal

characteristics in laser welding. Int J Adv Manuf Tech 2015;81(1):277-287.
[8] Huang W, Kovacevic R. Feasibility study of using acoustic signals for online monitoring of

the depth of weld in the laser welding of high-strength steels. Proc Inst Mech Eng, Part B
2009;223(4):343-361.

[9] Gu H, Duley WW. A statistical approach to acoustic monitoring of laser welding. J Phys D:
Appl Phys 1996;29(3):556-565.

[10] Huang YM, Xu S, Yang LJ, Zhao SB, Liu Y, Shi YS. Defect detection during laser welding
using electrical signals and high-speed photography. J Mater Process Technol
2019;271:394-403.

[11] Huang YM, Hou SS, Xu SF, Zhao SB, Yang LJ, Zhang ZF. EMD-PNN based welding defects
detection using laser-induced plasma electrical signals. J Mater Process Technol
2019;45,:642-651.

[12] Baik SH, Kim MS, Park SK, Chung CM, Kim CJ, Kim KJ. Process monitoring of laser
welding using chromatic filtering of thermal radiation. Meas Sci Technol 2000;11(12):1772.

[13] Kubiak M, Piekarska W. Comprehensive model of thermal phenomena and phase
transformations in laser welding process. Comput Struct 2016;172:29-39.

[14] Bardin F, Cobo A, Lopez-Higuera JM, Collin O, Aubry P, Dubois T, Högström M, Nylen P,
Jonsson P, Jones JDC, Hand DP, Optical techniques for real-time penetration monitoring for



laser welding. Appl Opt 2005;44(19):3869-3876.
[15] Ancona A, Spagnolo V, Lugara PM, Ferrara M. Optical sensor for real-time monitoring of

CO2 laser welding process. Appl Opt 2001;40(33):6019-6025.
[16] Sibillano T, Ancona A, Berardi V, Schingaro E, Basile G, Lugarà PM, Optical detction of

conduction/keyhole mode transition in laser welding. J Mater Process Technol 2007;191(1-3):
364-367.

[17] You DY, Gao XD, Katayama S. Review of laser welding monitoring. Sci Technol Weld
Joining 2014;19(3):181-201.

[18] Cai W, Wang JZ, Jiang P, Cao LC, Mi GY, Zhou Q. Application of sensing techniques and
artificial intelligence-based methods to laser welding real-time monitoring: A critical review
of recent literature. J Manuf Syst 2020;57:1-18.

[19] Wang BC, Hu SJ, Sun L, Freiheit T. Intelligent welding system technologies: State-of-the-art
review and perspectives. J Manuf Syst 2020;56:373-391.

[20] Stavridis J, Papacharalampopoulos A, Stavropoulos P. Quality assessment in laser welding: a
critical review. Int J Adv Manuf Tech 2018;94(5): 1825-1847.

[21] Zhang YM, Yang YP, Zhang W, Na SJ. Advanced welding manufacturing: a brief analysis
and review of challenges and solutions. Journal of Manufacturing Science and Engineering
2020;142(11):110816.

[22] Ancona A, Spagnolo, V, Lugara PM, Ferrara M, Optical sensor for real-time monitoring of
CO2 laser welding process. Appl Opt 2001;40(33):6019-6025.

[23] Grasso M, Colosimo BM. Process defects and in situ monitoring methods in metal powder
bed fusion: a review. Meas Sci Technol 2017;28(4):044005.

[24] Bunaziv I, Akselsen OM, Ren X, Nyhus B, Eriksson M. Laser Beam and Laser-Arc Hybrid
Welding of AluminiumAlloys. Metals 2021;11(8):1150-59.

[25] Shcheglov PY, Gumenyuk AV, Gornushkin IB, Rethmeier M, Petrovskiy VN. Vapor-plasma
plume investigation during high-power fiber laser welding. Laser Phys 2012;23(1):016001.

[26] Wu DS, Hua XM, Li F, Huang LJ. Understanding of spatter formation in fiber laser welding
of 5083 aluminum alloy. Int J Heat Mass Transfer 2017;113:730-740.

[27] Kamimuki K, Inoue T, Yasuda K, Muro M, Nakabayashi T, Matsunawa A. Prevention of
welding defect by side gas flow and its monitoring method in continuous wave Nd: YAG
laser welding. J Laser Appl 2002;14(3):136-145.

[28] Katayama S, Kawahito Y, Mizutani M. Elucidation of laser welding phenomena and factors
affecting weld penetration and welding defects. Phys Procedia, 2010;5:9-17.

[29] Eriksson I, Powell J, Kaplan AFH. Signal overlap in the monitoring of laser welding. Meas
Sci Technol 2010;21:105705.

[30] Vakili-Farahani F, Lungershausen J, Wasmer, K. Wavelet analysis of light emission signals in
laser beam welding. J Laser Appl 2017;29(2):022424.

[31] De Bono P, Allen C, D' Angelo G, Cisi A. Investigation of optical sensor approaches for
real-time monitoring during fibre laser welding. J Laser Appl 2017;29(2):022417.

[32] Andrev A, Smart laser welding heads provide excellent quality, Laser Technik Journal 2009;
5:20-22.

[33] Brock C, Hohenstein R, Schmidt M. Optical 3D position sensor for the fast tracking of light
sources. Phys Procedia, 2010;5:437-445.

[34] Brock C, Hohenstein R, Schmidt M. Towards fast tracking of the keyhole geometry. Phys



Procedia 2011;12:697-703.
[35] Zhang YX, Gao XD, You DY, Ge WJ, A Low-Cost Welding Status Monitoring Framework

for High-Power Disk Laser Welding. IEEE Access 2019;7:17365-17376.
[36] Gao XD, You DY, Katayama S. The high frequency characteristics of laser reflection

and visible light during solid state disk laser welding. Laser Phys Lett 2015;12(7):076003.
[37] Sibillano T, Ancona A, Rizzi D, Rodil SS, Nieto JR, Konuk AR. Study on the correlation

between plasma electron temperature and penetration depth in laser welding processes. Phys
Procedia 2010;5:429–36.

[38] Konuk AR, Aarts RGKM, Huis AJ, Sibillano T, Rizzi D, Ancona A. Process control of
stainless steel laser welding using an optical spectroscopic sensor. Phys Procedia
2011;12:744.

[39] Rizzi D, Sibillano T, Pietro Calabrese P, Ancona A, Mario Lugarà P. Spectroscopic, energetic
and metallographic investigations of the laser lap welding of AISI 304 using the response
surface methodology. Opt Lasers Eng 2011;49:892-8.

[40] Zaeh MF, Huber S. Characteristic line emissions of the metal vapor during laser beam
welding. Prod Eng 2011;5(6):667-678.

[41] Zhang YX, Gao XD, Data-Driven Detection of Laser Welding Defects Based on Real-Time
Spectrometer Signals, IEEE Sens J, 2019;19(20):9364-9373.

[42] Gong JF, Peng GC, Li LQ, Xia HB, Meng SH, Wang JM. Effect of plasma plume produced
by vacuum laser welding on energy transmission. Opt Laser Technol 2021;36:106744.

[43] Tsirkas SA, Papanikos P, Kermanidis T. Numerical simulation of the laser welding process in
butt-joint specimens. J Mater Process Technol 2003;134(1):59-69.

[44] Wei CH, Zhang J, Yang SL, Tao W, Wu FS, Xia WS. Experiment-based regional
characterization of HAZ mechanical properties for laser welding. Int J Adv Manuf Tech
2015;78(9-12):1629-1640.

[45] dos Santos Paes LE, da Silveira CA, Pereira M, dos Santos Magalhães E, Vilarinho LO.
Thermocouple positioning through capacitive discharge for temperature monitoring in laser
welding. J Braz Soc Mech Sci Eng 2021;43(10):1-12.

[46] Geng Y, Akbari M, Karimipour A, Karimi A, Soleimani A, Afrand M. Effects of the laser
parameters on the mechanical properties and microstructure of weld joint in dissimilar pulsed
laser welding of AISI 304 and AISI 420. Infrared Phys Technol 2019;103:103081.

[47] Park H, Rhee S. Development of a weld quality monitoring system in CO2 laser welding by
using photodiodes. J Laser Appl 2001;13(1):12-18.

[48] Norman P, Engström H, Kaplan AFH. Theoretical analysis of photodiode monitoring of laser
welding defects by imaging combined with modeling. J Phys D: Appl Phys
2008:41(19):195502.

[49] Knaak C, Thombansen U, Abels P, Kröger M. Machine learning as a comparative tool to
determine the relevance of signal features in laser welding. Procedia CIRP 2018;74:623-627.

[50] Speka M, Matteï S, Pilloz M, Ilie M. The infrared thermography control of the laser welding
of amorphous polymers. NDT&E Int 2008;41(3):178-183.

[51] Rossi F, Pini R, Menabuoni L. Experimental and model analysis on the temperature
dynamics during diode laser welding of the cornea. J. Biomed Opt 2007;12(1):014031.

[52] Hooper PA. Melt pool temperature and cooling rates in laser powder bed fusion. Addit
Manuf 2018;22:548-59.



[53] Tsallis C, Barreto FS, Loh ED. Generalization of the Planck radiation law and application to
the cosmic microwave background radiation. Phys Rev E 1995;52(2):1447.

[54] Xiao XF, Liu XB, Cheng MP, Song LJ. Towards monitoring laser welding process via a
coaxial pyrometer. J Mater Process Technol 2020;277:116409.

[55] Schmailzl A, Käsbauer J, Martan J, Honnerová P, Schäfer F, Fichtl M, Lehrer T, Tesar J,
Honner M, Hierl, S. Measurement of core temperature through semi-transparent polyamide 6
using scanner-integrated pyrometer in laser welding. Int. J. Heat Mass Transfer
2020;146:118814.

[56] Kohler H, Thomy C, Vollertsen F. Contact-less temperature measurement and control with
applications to laser cladding. Weld World 2015;60:1-9.

[57] Ogawa Y. Visual Analysis of Welding Processes. INTEC, 2012;277-304.
[58] Saeed G, Zhang YM. Weld pool surface depth measurement using a calibrated camera and

structured light. Meas Sci Technol 2007;18(8):2570.
[59] Song HS, Zhang Y.M. Image processing for measurement of three-dimensional GTA weld

pool surface. Weld J 2007;86(10):323.
[60] Zhang Y, Zhang CL, Tan LP, Li SC. Coaxial monitoring of the fibre laser lap welding of

Zn-coated steel sheets using an auxiliary illuminant, Opt Laser Technol 2013;50:167-175.
[61] Zhang ZH, Zhang Y, Luo F, Li J, Lu C, Zhao YZ, Zhang H, Lu AG. Convolutional neural

network using Bayesian optimization for laser welding tailor rolled blanks penetration
detection. In International Manufacturing Science and Engineering Conference 2019;58752:
V002T03A079.

[62] Zhang Y, Liu TW, Li B, Zhang ZH. Simultaneous monitoring of penetration status and joint
tracking during laser keyhole welding. IEEE ASME Trans Mechatron 2019;24(4):1732-1742.

[63] Zhao PH, Lu RD, Wu JZ, Zhang Y. Monitoring method of weld penetration in laser keyhole
welding irradiated by laser auxiliary illuminant. J Laser Appl 2020;32(2):022037.

[64] Lu RD, Wei HY, Li FZ, Zhang ZH, Liang ZC, Li B, In-situ monitoring of the penetration
status of keyhole laser welding by using a support vector machine with interaction time
conditioned keyhole behaviors. Opt Lasers Eng 2020;130:106099.

[65] Kim CH, Ahn DC, Coaxial monitoring of keyhole during Yb:YAG laser welding. Opt Laser
Technol 2012;44:1874-1880.

[66] Jager M, Hamprecht FA. Principal component imagery for the quality monitoring of dynamic
laser welding processes. IEEE Trans. Ind. Electron 2009;56(4):1307-1313.

[67] Luo M, Shin YC. Estimation of keyhole geometry and prediction of welding defects during
laser welding based on a vision system and a radial basis function neural network. Int J Adv
Manuf Technol 2015;81:263-276.

[68] Luo M, Shin YC. Vision-based weld pool boundary extraction and width measurement
during keyhole fiber laser welding. Opt Lasers Eng 2015;64:59-70.

[69] Knaak C, Kolter G, Schulze F, Kröger M, Abels P. Deep learning-based semantic
segmentation for in-process monitoring in laser welding applications. In Applications of
Machine Learning 2019;11139:1113905.

[70] Tang ZJ, Liu WW, Zhang N, Wang YW, Zhang HC. Real-time prediction of penetration
depths of laser surface melting based on coaxial visual monitoring. Opt Lasers Eng
2020;128:106034.

[71] Dorsch F, Braun H, Keßler S, Pfitzner D, Rominger V. Online characterization of laser beam



welds by NIR-camera observation. In High-Power Laser Materials Processing: Lasers, Beam
Delivery, Diagnostics, and Applications II 2013.

[72] Dorsch F., Braun H, Keßler S, Pfitzner D, Rominger V. Detection of faults in laser beam
welds by near-infrared camera observation. In International Congress on Applications of
Lasers & Electro-Optics 2012;2012(1):212-219.

[73] Lapido YL, Rodriguez-Araújo J, García-Díaz A, Castro G, Vidal F, Romero P, Vergara G.
Cognitive high speed defect detection and classification in MWIR images of laser welding.
In Industrial laser applications symposium 2015;9657:96570B.

[74] Xiong WT, Zhang PL, Yu ZS, Hua Y, Wu D, Lu QH, Tian YT. Weld zone porosity
elimination process of galvanized steel zero-gap lap joints in remote laser spiral welding.
Mater Res Express 2021;8:066502.

[75] Jia ZY, Zhang PL, Yu ZS, Shi HC, Liu HB, Wu D, Ye X, Wang FX, Tian YT. Effect of pulse
shaping on solidification process and crack in 5083 aluminum alloy by pulsed laser
welding. Opt Laser Technol 2021;134:106608.

[76] Zhang PL, Jia ZY, Yu ZS, Shi HC, Li SW, Wu D, Yan H, Ye X, Chen JS, Wang FX, Tian YT.
A review on the effect of laser pulse shaping on the microstructure and hot cracking behavior
in the welding of alloys. Opt Laser Technol 2021;140:107094.

[77] Huang HX, Zhang PL, Yan H, Liu ZJ, Yu ZS, Wu D, Shi HC, Tian YT. Research on weld
formation mechanism of laser-MIG arc hybrid welding with butt gap. Opt Laser Technol
2021;133:106530.

[78] Jing HH, Ye X, Hou XQ, Qian XY, Zhang PL, Yu ZS, Di Wu, Fu KJ. The Influence of Laser
Power and Butt Gap on the Droplet Transfer and Weld Formation of Laser Arc Hybrid
Welding. In Journal of Physics: Conference Series 2021;2002(1).

[79] Zhang PL, G SY, Liu ZJ, Yu ZS. Study on the hybrid laser-arc welding of 3 mm thick
high-strength steel with high speed. Mater Res Express 2018;6(2):026546.

[80] Feng JY, Zhang PL, Jia ZY, Yu ZS, Fang C, Yan H, Shi HC, Tian YC. Microstructures and
mechanical properties of reduced activation ferritic/martensitic steel fabricated by laser
melting deposition. Fusion Eng Des 2021;173:112865.

[81] Wang L, Mohammadpour M, Yang B, Gao XD, Lavoie JP, Kleine K, Kovacevic R.
Monitoring of keyhole entrance and molten pool with quality analysis during adjustable ring
mode laser welding. Appl Opt 2020;59(6):1576-1584.

[82] Chen ZQ, Gao XD. Detection of weld pool width using infrared imaging during high-power
fiber laser welding of type 304 austenitic stainless steel. Int J Adv Manuf Technol
2014;74:1247-1254.

[83] Zhang YX, Gao XD. Analysis of characteristics of molten pool using cast shadow during
high-power disk laser welding, Int J Adv Manuf Technol 2014;70:1979-1988.

[84] Gao XD, Zhang YX. Monitoring of welding status by molten pool morphology during
high-power disk laser welding. Optik 2015;126:1797-1802.

[85] Zhang YX, Gao XD. Weld appearance prediction with BP neural network improved by
genetic algorithm during disk laser welding. J Manuf Syst 2015;34:53-59.

[86] Zhang MJ, Chen GY, Zhou Y, Li SC, Deng H. (2013). Observation of spatter formation
mechanisms in high-power fiber laser welding of thick plate. Appl Surf Sci
2013;280:868-875.

[87] Brock C, Tenner F, Klämpfl F, Hohenstein R, Schmidt M. Detection of weld defects by high



speed imaging of the vapor plume. Phys Procedia 2013;41:539-543.
[88] You DY, Gao XD, Katayama S. Visual-based spatter detection during high-power disk laser

welding. Opt Lasers Eng 2014;54:1-7.
[89] You DY, Gao XD, Katayama S. Monitoring of high-power laser welding using high-speed

photographing and image processing. Mech Syst Signal Process 2014;49:39-52.
[90] You DY, Gao XD, Katayama S. Multiple-optics sensing of high-brightness disk laser

welding process, NDT&E Int 2013;60:32-39.
[91] Li JZ, Liu YB, Tao YJ, Zhang QH, Kang KX, Sun Q, Sun QJ. Analysis of vapor plume and

keyhole dynamics in laser welding stainless steel with beam oscillation. Infrared Phys
Technol 2021;113:103536.

[92] Zhang Y, Li FZ, Liang ZC, Ying YY, Lin QD, Wei HY. Correlation analysis of penetration
based on keyhole and plasma plume in laser welding. J Mater Process Technol
2018;256:1-12.

[93] Wang L, Mohammadpour M, Gao XD, Lavoie JP, Kleine K, Kong F, Kovacevic R.
Adjustable Ring Mode (ARM) laser welding of stainless steels. Opt Lasers Eng 2021;137:
106360.

[94] Kong FR, Ma JJ, Carlson B, Kovacevic R. Real-time monitoring of laser welding of
galvanized high strength steel in lap joint configuration. Opt Laser Technol
2012;44:2186-2196.

[95] Karlsson J, Ilar T, Kaplan AFH. Knowledge platform approach for fiber laser welding of
high strength steel. In Nordic Conference on Laser Processing of Materials. 2009;1-15.

[96] Norman P, Engstrom H, Gren P, Kaplan AFH. Correlation between photodiode monitoring
and high speed imaging of the dynamics causing laser welding defects. In International
Congress on Applications of Lasers & Electro-Optics. 2008;1:1708.

[97] Kawahito Y, Mizutani M, Katayama S. Elucidation of high-power fibre laser welding
phenomena of stainless steel and effect of factors on weld geometry. J Phys D: Appl Phys
2007;40(19):5854.

[98] Katayama S, Kawahito Y, Mizutani M. Elucidation of laser welding phenomena and factors
affecting weld penetration and welding defects. Phys Procedia 2010;5:9-17.

[99] Matsunawa A, Seto N, Kim JD, Mizutani M, Katayama S. Dynamics of keyhole and molten
pool in high-power CO2 laser welding. In High-Power Lasers in Manufacturing
2000;3888:34-45.

[100] Kaplan AFH, Mizutani M, Katayama S, Matsunawa A. Analysis of different methods for
the prevention of pore formation in keyhole laser spot welding. Weld World 2002;46:39-50.

[101] Kaplan AFH, Mizutani M, Katayama S, Matsunawa M, Mechanism of pore formation
during keyhole laser spot welding, In First International Symposium on High-Power Laser
Macroprocessing 2002;4831:186-191.

[102] Shibata KT. Iwase, Sakamoto H, Seto N, Matsunawa A, Hohenberger B, Dausinger F. Study
on keyhole behavior in twin spot beam welding of aluminum alloys by means of X-ray
observation-Study of twin spot Nd:YAG laser welding of aluminum alloys. J Jpn Weld Soc
2003;21:204-212.

[103] Kaplan AFH, Mizutani M, Katayama S, Matsunawa A. Unbounded keyhole collapse and
bubble formation during pulsed laser interaction with liquid zinc. J Phys D: Appl Phys
2002;35:1218-28.



[104] Masami M, Katayama S, Matsunawa A. Observation of molten metal behavior during laser
irradiation: basic experiment to understand laser welding phenomena. In: Proceedings of
SPIE 2003;4831:208-13.

[105] Vänskä M, Abt F, Weber R, Salminen A, Graf T.Effects of welding parameters onto keyhole
geometry for partial penetration laser welding. Phys Procedia 2013;41:199-208.

[106] Abt F, Boley M, Weber R, Graf T. X-Ray Videography for Investigation of Capillary and
Melt Pool Dynamics in Different Materials. In International Congress on Applications of
Lasers & Electro-Optics. 2011;1:179-186.

[107] Abt F, Boley M, Weber R, Graf T, Popko G, Nau S. Novel X-ray System for in-situ
diagnostics of Laser Based Processes First Experimental Results. Phys Procedia
2011;12:761-770.

[108] Boley M, Abt F, Weber R, Graf T. X-Ray and Optical Videography for 3D Measurement of
Capillary and Melt Pool Geometry in Laser Welding. Phys Procedia 2013; 41:488-495.

[109] Shevchik SA, Le-Quang T, Meylan, B, Farahani FV, Olbinado MP, Rack A, Wasmer K.
Supervised deep learning for real-time quality monitoring of laser welding with X-ray
radiographic guidance. Sci Rep 2020;10(1):1-12.

[110] Wasmer K, Le-Quang T, Meylan B, Vakili-Farahani F, Olbinado MP, Rack A, Shevchik SA.
Laser processing quality monitoring by combining acoustic emission and machine learning: a
high-speed X-ray imaging approach. Procedia Cirp 2018;74:654-658.

[111] Kogel-Hollacher M. Laser welding using optical coherence tomography. Laser User
2019;92:26-27.

[112] Bautze T, Moser R, Strebel M, Kogel-Hollacher M. Use of inline coherent imaging for laser
welding processes: Process control and beyond. In Lasers in manufacturing conference
2015;1-9.

[113] Mittelstädt M, Mattulat T, Seefeld T, Kogel-Hollacher M. Novel approach for weld depth
determination using optical coherence tomography measurement in laser deep penetration
welding of aluminum and steel J Laser Appl 2019;31:022007.

[114] Boley M, Fetzer F, Weber R, Graf T. Statistical evaluation method to determine the laser
welding depth by optical coherence tomography. Opt Lasers Eng 2019;119:56-64.

[115] Sokolov M, Franciosa P, Al Botros R, Ceglarek D. Keyhole mapping to enable closed-loop
weld penetration depth control for remote laser welding of aluminum components using
optical coherence tomography. J Laser Appl 2020;32(3):032004.

[116] Webster PJ, Wright LG, Mortimer KD, Leung BY, Yu JX, Fraser JM. Automatic real-time
guidance of laser machining with inline coherent imaging. J Laser Appl 2011;23(2):022001.

[117] Webster PJ, Wright LG, Ji Y, Galbraith CM, Kinross AW, Van Vlack C, Fraser JM. (2014).
Automatic laser welding and milling with in situ inline coherent imaging. Opt Lett 2014;39
(21):6217-6220.

[118] Zhang Y, Chen GY, Wei HY, Zhang J. A novel “sandwich” method for observation of the
keyhole in deep penetration laser welding, Opt Lasers Eng 2018;46:133-139.

[119] Zhang MJ, Chen GY, Zhou Y, Li SC. Direct observation of keyhole characteristics in deep
penetration laser welding with a 10 kW fiber laser. Opt. Express 2013;21(17):19997-20004.

[120] Wu DS, Hua XM, Huang LJ, Li F, Cai Y. Observation of the keyhole behavior, spatter, and
keyhole-induced bubble formation in laser welding of a steel/glass sandwich. Weld World
2019;63:815-823.



[121] Huang LJ, Hua XM, Wu DS, Ye YX. Role of welding speed on keyhole-induced porosity
formation based on experimental and numerical study in fiber laser welding of Al alloy. Int J
Adv Manuf Technol. 2019;103(1-4):913-925.

[122] Huang LJ, Liu P, Zhu S, Hua XM, Dong SM. Experimental research on formation
mechanism of porosity in magnetic field assisted laser welding of steel. J Manuf
Process 2020;50:596-602.

[123] Zou JL, Ha N, Xiao RS, Wu Q, Zhang QL. Interaction between the laser beam and keyhole
wall during high power fiber laser keyhole welding. Opt. Express 2017;25(15):17650-17656.

[124] Wen XH, Wu D, Zhang PL, Liu SK, Luo ZY, Jia ZY, Zhang PL, Yu ZS. Influence
mechanism of the keyhole behavior on penetration depth by in-situ monitoring in pulsed
laser welding of aluminum alloy. Optik 2021;246:167812.

[125] Lei ZL, Shen JX, Wang Q, Chen YB. Real-time weld geometry prediction based on
multi-information using neural network optimized by PCA and GA during thin-plate laser
welding, J Manuf Process 2019;43:207-217.

[126] Gao XD, Wen Q, Katayama S. Analysis of high-power disk laser welding stability based on
classification of plume and spatter characteristics. Trans. Nonferrous Met. Soc China
2013;23(2013):3748-3757.

[127] Tang X, Zhong P, Zhang LL, Gu J, Liu ZP, Gao YR, Hu HW, Yang XT. A New Method to
Assess Fiber Laser Welding Quality of Stainless Steel 304 Based on Machine Vision and
Hidden Markov Models. IEEE Access 2020;8:130633-130646.

[128] Günther J, Pilarski PM, Helfrich G, Shen H, Diepold K. Intelligent laser welding through
representation, prediction, and control learning: An architecture with deep neural networks
and reinforcement learning. Mechatronics 2016;34:1-11.

[129] Gonzalez-Val C, Pallas A, Panadeiro V, Rodriguez A. A convolutional approach to quality
monitoring for laser manufacturing. J Intell Manuf 2020;31(3): 789-795.

[130] Wu D, Huang YM, Zhang PL, Yu ZS, Chen HB, Chen SB. Visual-acoustic penetration
recognition in variable polarity plasma arc welding process using hybrid deep learning
approach. IEEE Access 2020;8:120417-120428.

[131] Park YW, Park H, Rhee S, Kang M. Real time estimation of CO2 laser weld quality for
automotive industry. Opt Laser Technol 2002;34(2):135-142.

[132] Bardin F, Cobo A, Lopez-Higuera JM, Collin O, Aubry P, Dubois T, Hand DP. Optical
techniques for real-time penetration monitoring for laser welding. Appl Opt
2005;44(19):3869-3876.

[133] Lee SH, Mazumder J, Park J, Kim S. Ranked feature-based laser material processing
monitoring and defect diagnosis using k-NN and SVM. J Manuf Process 2020;55: 307-316.

[134] Chianese G, Franciosa P, Nolte J, Ceglarek D, Patalano S. Photodiode-Based In-Process
Monitoring of Part-to-Part Gap and Weld Penetration Depth in Remote Laser Welding of
Copper-to-Steel Battery Tab Connectors. In International Manufacturing Science and
Engineering Conference 2021;85079:V002T06A016.

[135] Sabbaghzadeh J, Dadras S, Torkamany MJ. Comparison of pulsed Nd: YAG laser welding
qualitative features with plasma plume thermal characteristics. J Phys D: Appl
Phys 2007;40(4): 1047.

[136] Sebestova H, Chmelickova H, Nozka L, Moudry J. Non-destructive real time monitoring of
the laser welding process. J Mater Eng Perform 2012;21(5):764-769.



[137] Haran FM, Hand DP, Ebrahim SM, Peters C, Jones JDC. Optical signal oscillations in laser
keyhole welding and potential application to lap welding. Meas Sci Technol 1997;8(6):627.

[138] Mrňa L, Šarbort M, Řeřucha Š, Jedlička P. Feedback control of laser welding based on
frequency analysis of light emissions and adaptive beam shaping. Phys Procedia
2012;39:784-791.

[139] Mrňa L, Šarbort M, Řeřucha Š, Jedlička P. Correlation between the keyhole depth and the
frequency characteristics of light emissions in laser welding. Phys Procedia 2013;41:469-477.

[140] Schmidt M, Otto A, Kägeler C. Analysis of YAG laser lap-welding of zinc coated steel
sheets. CIRP annals 2008;57(1):213-216.

[141] Colombo D, Previtali B. Fiber laser welding of titanium alloys and its monitoring through
the optical combiner. In International Congress on Applications of Lasers & Electro-Optics
2009;1:620-629.

[142] Huang WW, You DY, Gao XD, High-power disc laser welding quality detection based on
photoelectric sensing system, Journal of Physics: Conference Series 2021;1986:012048.

[143] Shevchik SA, Le-Quang T, Farahani FV, Faivre N, Meylan B, Zanoli S, Wasmer K. Laser
welding quality monitoring via graph support vector machine with data adaptive
kernel. IEEE Access 2019;7:93108-93122.

[144] Sibillano T, Ancona A, Rizzi D, Lupo V, Tricarico L, Lugarà PM. Plasma plume oscillations
monitoring during laser welding of stainless steel by discrete wavelet transform
application. Sensors 2010;10(4):3549-3561.

[145] Rodil SS, Gómez RA, Bernárdez JM, Rodríguez F, Miguel LJ, Perán JR. Laser welding
defects detection in automotive industry based on radiation and spectroscopical
measurements. Int J Adv Manuf Technol 2010;49(1):133-145.

[146] Fang JF, Li LQ, Chen YB, Wu L. Wavelet analysis of plasma optical signals at pool
penetration in laser welding. In Information Optics and Photonics Technology
2004;5642:403-411.

[147] Chianese G, Franciosa P, Nolte J, Ceglarek D, Patalano S. Photodiode-Based In-Process
Monitoring of Part-to-Part Gap and Weld Penetration Depth in Remote Laser Welding of
Copper-to-Steel Battery Tab Connectors. In International Manufacturing Science and
Engineering Conference 2021;85079:V002T06A016).

[148] Molino A, D’Angelo G, FPGA implementation of time-frequency analysis algorithms for
laser welding monitoring, Microprocess Microsy 2009;179-190.

[149] D’Angelo G. Studying the quality of laser welding process using time-frequency
distributions with rotated kernel. In International Congress on Applications of Lasers &
Electro-Optics 2008;1:1704.

[150] D’Angeloa G, Genchia G, Pasquettaza G. Adaptive technique for signals in the monitoring
of laser welding. Lasers in Manufacturing Conference 2019.

[151] De Bono P, Allen C, D'Angelo G, Cisi A. Investigation of optical sensor approaches for
real-time monitoring during fibre laser welding. J Laser Appl 2017;29(2), 022417.

[152] Vakili-Farahani F, Lungershausen J, Wasmer K. Wavelet analysis of light emission signals
in laser beam welding. J Laser Appl 2017;29(2):022424.

[153] You DY, Gao XD, Katayama S. WPD-PCA-based laser welding process monitoring and
defects diagnosis by using FNN and SVM. IEEE Trans Ind Electron 2015;62:628-36.

[154] Khan M, Saeed T, Ibrahim M, Chu YM, Algehyne EA. Prediction of temperature



distribution around fusion zone in fiber dissimilar laser welding of AISI 304 and AISI 420: A
wavelet network nonlinear ARX model. J Laser Appl 2021;33(2):022014.

[155] Nagesh I, Kwabena AK. Sliding mode observers for plasma signal identification in remote
laser welding. IFAC-PapersOnLine 2015;48(3):1924-1929.

[156] Gao XD, Wang RL, Liu YY, Yang YC. Analysis of Metallic Plume Image Characteristics
During High Power Disk Laser Welding. In IAENG Transactions on Engineering
Technologies 2014:225-240.

[157] Kinsman G, Duley WW. Fuzzy logic control of CO2 laser welding. In International
Congress on Applications of Lasers & Electro-Optics 1993;1:160-167.

[158] Rubio-Solis A, Panoutsos G. An ensemble data-driven fuzzy network for laser welding
quality prediction. In 2017 IEEE International Conference on Fuzzy Systems (FUZZ-IEEE)
2017:1-6.

[159] Bhujbal VD, Tadamalle AP. Optimization of laser welding process by fuzzy logic
technique. International journal of engineering science and innovative technology
2013;2(4):221-227.

[160] Wu D, Chen JS, Liu HB, Zhang PL, Yu ZS. Accurate characterization of weld appearance
induced by T-joint laser stake-welding by integration of ANFIS approach and numerical
simulation. J Intell Fuzzy Syst 2019;37(6):8589-8601.

[161] Jauregui JM, Aalderink BJ, Aarts R, Benneker JO, Meijer J. Design, implementation and
testing of a fuzzy control scheme for laser welding. J Laser Appl 2008;20(3):146-153.

[162] Li SC, Mo B, Xu W, Xiao G, Deng, ZH. Research on nonlinear prediction model of weld
forming quality during hot-wire laser welding. Opt Laser Technol 2020;131:106436.

[163] Lei, T, Rong YM, Xu JJ, Huang Y. Experiment study and regression analysis of molten pool
in laser welding. Opt Laser Technol 2018;108:534-541.
[164] Brevern P, El-Tayeb NSM, Vengkatesh VC. Neural network multi layer perceptron

modeling of surface quality in laser machining. In 2007 International Conference on
Intelligent and Advanced Systems 2007:81-86.

[165] Torres-Treviño LM, Reyes-Valdes FA, López V, Praga-Alejo R. Multi-objective
optimization of a welding process by the estimation of the Pareto optimal set. Expert Syst
Appl 2011;38(7):8045-8053.

[166] Knaak C, Thombansen U, Abels P, Kröger, M. Machine learning as a comparative tool to
determine the relevance of signal features in laser welding. Procedia CIRP 2018;74:623-627.

[167] Zhang ZF, Huang YM, Qin R, Ren WJ, Wen GR. XGBoost-based on-line prediction of
seam tensile strength for Al-Li alloy in laser welding: Experiment study and modeling. J
Manuf Process 2021;6430-44.

[168] Sathish T, Rangarajan S, Muthuram A, Kumar RP. Analysis and modeling of dissimilar
materials welding based on K-nearest neighbour predictor. Mater Today: Proc 2020;21:
108-112.

[169] Lee SH, Mazumder J, Park J, Kim S. Ranked feature-based laser material processing
monitoring and defect diagnosis using k-NN and SVM. J Manuf Process 2020;55:307-316.

[170] Park H, Rhee S. Estimation of weld bead size in CO2 laser welding by using multiple
regression and neural network. J Laser Appl 1999;11(3):143-150.

[171] Park H, Rhee S, Kim D. A fuzzy pattern recognition based system for monitoring laser weld
quality. Meas. Sci. Technol 2001;12(8):1318-1324.



[172] Stadter C, Schmoeller M, von Rhein L, Zaeh MF. Real-time prediction of quality
characteristics in laser beam welding using optical coherence tomography and machine
learning. J Laser Appl 2020;32(2):022046.

[173] Zhang ZF, Wen GR, Chen SB. Weld image deep learning-based on-line defects detection
using convolutional neural networks for Al alloy in robotic arc welding. J Manuf Process
2019;45:208-16.

[174] Sassi P, Tripicchio P, Avizzano C. A smart monitoring system for automatic welding defect
detection. IEEE Trans Ind Electron 2019;66(12):9641–50.

[175] Xia CY, Pan ZX, Fei ZY, Zhang SY, Li HJ. Vision based defects detection for Keyhole TIG
welding using deep learning with visual explanation. J Manuf Process 2020;56:845-55.

[176] Zhang YX, You DY, Gao XD, Zhang NF, Gao PP. Welding defects detection based on deep
learning with multiple optical sensors during disk laser welding of thick plates. J Manuf Syst
2019;51:87-94.

[177] Wu D, Huang YM, Chen HB, He YS, Chen SB. VPPAW penetration monitoring based on
fusion of visual and acoustic signals using t-SNE and DBN model. Mater Des 2017;123:1-14.

[178] Jiao WH, Wang QY, Cheng YC, Zhang YM. End-to-end prediction of weld penetration: a
deep learning and transfer learning based method. J Manuf Process 2020;63:191-197.

[179] Wang QY, Jiao WH, Wang P, Zhang YM. A tutorial on deep learning-based data analytics in
manufacturing through a welding case study. J Manuf Process 2020;63:2-13.

[180] Li C, Wang QY, Jiao WH, Johnson M, Zhang YM. Deep learning-based detection of
penetration from weld pool reflection images. Weld J 2020;99(9):239-45.

[181] Wang QY, Jiao WH, Zhang YM. Deep learning-empowered digital twin for visualized weld
joint growth monitoring and penetration control. Int J Ind Manuf Syst Eng 2020;57:429-39.

[182] Shevchik S, Le-Quang T, Meylan B, Farahani F, Olbinado M, Rack A. Supervised deep
learning for real-time quality monitoring of laser welding with X-ray radiographic guidance.
Sci Rep 2020;10(1):1-12.

[183] Nomura K, Fukushima K, Matsumura T, Asai S. Burn-through prediction and weld depth
estimation by deep learning model monitoring the molten pool in gas metal arc welding with
gap fluctuation. J Manuf Process 2021;61:590-600.

[184] Franciosa P, Sokolov M, Sinha S, Sun T, Ceglarek D. Deep learning enhanced digital twin
for closed-loop in-process quality improvement. CIRP Ann Manuf Technol
2020;69(1):369-72.

[185] Zhang ZH, Li B, Zhang WF, Lu RD, Wad S, Zhang Y. Real-time penetration state
monitoring using convolutional neural network for laser welding of tailor rolled blanks. Int J
Ind Manuf Syst Eng 2020;54:348-60.

[186] Gonzalez-Val C, Pallas A, Panadeiro V, Rodriguez A. A convolutional approach to quality
monitoring for laser manufacturing. J Intell Manuf 2020;31(3):789-795.

[187] Zhang YJ, Soon, HG, Ye DS, Fuh JYH, Zhu KP. Powder-bed fusion process monitoring by
machine vision with hybrid convolutional neural networks. IEEE Trans Industr Inform
2020;16(9):5769-5779.

[188] Knaak C, Kröger M, Schulze F, Abels P, Gillner A. Deep Learning and Conventional
Machine Learning for Image-Based in-Situ Fault Detection During Laser Welding: A
Comparative Study. 2021.

[189] Knaak C, von Eßen J, Kröger M, Schulze F, Abels P, Gillner, A. A Spatio-Temporal



Ensemble Deep Learning Architecture for Real-Time Defect Detection during Laser Welding
on Low Power Embedded Computing Boards. Sensors 2021;21(12):4205.

[190] Ma DY, Shu LS, Zhou Q, Cao SJ, Jiang P. Online porosity defect detection based on
convolutional neural network for Al alloy laser welding. In Journal of Physics: Conference
Series 2021;1884(1): 012008.

[191] Zhang B., Hong KM, Shin YC. Deep-learning-based porosity monitoring of laser welding
process. Manuf Lett 2020;23:62-66.

[192] Kim H, Nam K, Oh S, Ki H. Deep-learning-based real-time monitoring of full-penetration
laser keyhole welding by using the synchronized coaxial observation method. J Manuf
Process 2021;68:1018-1030.

[193] Shevchik S, Le-Quang T, Meylan B, Farahani FV, Olbinado MP, Rack A, Wasmer K. (2020).
Supervised deep learning for real-time quality monitoring of laser welding with X-ray
radiographic guidance. Sci Rep 2020;10(1):1-12.

[194] Zhang YX, You DY, Gao XD, Katayama S. Online monitoring of welding status based on a
DBN model during laser welding. Engineering 2019;5(4):671-678.

[195] Xue BC, Chang BH, Du D. Multi-Output Monitoring of High-Speed Laser Welding State
Based on Deep Learning. Sensors 2021;21(5):1626.

[196] Chen C, Xiao RQ, Chen HB, Lv N, Chen SB. Prediction of welding quality characteristics
during pulsed GTAW process of aluminum alloy by multisensory fusion and hybrid network
model. J Manuf Process 2021;68:209-224.

[197] Liu TY, Bao JS, Zheng HB, Wang JL, Yang CQ, Gu J. Learning semantic-specific visual
representation for laser welding penetration status recognition. Science China Technological
Sciences. 2021;1-14.

[198] Kong LB, Peng X, Chen Y, Wang P, Xu M. Multi-sensor measurement and data fusion
technology for manufacturing process monitoring: a literature review. Int J Extrem Manuf
2020;2:022001-27.

[199] Baranuik R. More is less: signal processing and the data deluge. Science 2011;331(6018):
717-719.

[200] Wu D, Hu MH, Huang YM, Zhang PL, Yu ZS. In situ monitoring and penetration prediction
of plasma arc welding based on welder intelligence-enhanced deep random forest fusion. J
Manuf Process 2021;66:153-165.

[201] Luo Y, Zhu L, Han JT, Xie XJ, Wan R, Zhu Y. Study on the acoustic emission effect of
plasma plume in pulsed laser welding. Mech Syst Signal Process 2019;124:715-723.

[202] Jia ZY, Zhang PL, Yu ZS, Wu D, Tian YT, Yan H. Evidence of solidification crack
propagation in pulsed laser welding of aluminum alloy. Opt. Express 2021;29(12):
18495-18501.

[203] Lu MC, Chiou SJ, Kuo BS, Chen MZ. Analysis of Acoustic Emission (AE) Signals for
Quality Monitoring of Laser Lap Microwelding. Appl Sci 2021;11(15):7045.

[204] Kouraytem N, Li X, Tan W, Kappes B, Spear AD. Modeling process-structure-property
relationships in metal additive manufacturing: a review on physics-driven versus data-driven
approaches. J Phys: Mater 2021,4(3):032002.

[205] Gao XD, Ma NJ, Du, LL. Magneto-optical imaging characteristics of weld defects under
alternating magnetic field excitation. Opt Express 2018;26(8):9972-9983.

[206] Gao XD, Mo L, Xiao ZL, Chen XH, Katayama, S. Seam tracking based on Kalman filtering



of micro-gap weld using magneto-optical image. Int J Adv Manuf Technol, 2016;
83(1-4):21-32.

[207] He X, Wang TQ, Wu KX, Liu HH. Automatic defects detection and classification of low
carbon steel WAAM products using improved remanence/magneto-optical imaging and
cost-sensitive convolutional neural network. Measurement, 2021;173:108633.

[208] Gao XD, Li YF, Zhou XH, Dai XX, Zhang YX, You DY, Zhang NF. Multidirectional
magneto-optical imaging system for weld defects inspection. Opt Lasers Eng, 2020;124,
105812.

[209] Gao, X., Sun, Y., & Katayama, S. (2014). Neural network of plume and spatter for
monitoring high-power disk laser welding. International Journal of Precision Engineering and
Manufacturing-Green Technology, 1(4), 293-298.

Declaration of competing interests

The authors declare that they have no known competing financial interests or personal

relationships that could have appeared to influence the work reported in this paper.

Acknowledgements

This work was supported in part by the National Science Foundation of China under Grant

51905333 and 52075317, in part by Shanghai Sailing Plan under Grant 19YF1418100, in part by

China Postdoctoral Science Foundation under Grant 2021M692039.


	Abstract:
	1.Introduction
	2.Fundamentals of LBW and process monitoring
	2.1 Physical characteristics of LBW process
	2.2 Categories of laser welding defects
	2.3 Basics and challenges of in-situ monitoring

	3.Optical in-situ sensing technology
	3.1 Optical radiation sensing 
	3.1.1 Photodiode-based sensor
	3.1.2 Spectroscopic Sensor 
	3.1.3 Optical pyrometer sensor

	3.2 Camera-based vision sensing 
	3.2.1 Co-axial visual sensing
	3.2.2 Off-axial visual sensing

	3.3 Multi-sensor fusion of optical radiation and v
	3.4 Novel optical sensing methods
	3.4.1 X-ray high-speed imaging 
	3.4.2 Optical coherence imaging 
	3.4.3 Metal-glass “sandwich” imaging


	4.Behavior characterization technology
	4.1 Optical Imaging processing
	4.1.1 Geometrical features extraction
	4.1.2 Statistical features exaction

	4.2 Optical signal processing
	4.2.1 Time domain analysis
	4.2.2 Frequency domain analysis
	4.2.3 Time-frequency domain analysis


	5.Machine-learning model technology
	5.1 Classical machine learning method
	5.2 Modern deep learning method
	5.2.1 Convolutional neural network (CNN)
	5.2.2 Ensemble deep learning method


	6.Major challenges and potential solutions
	7.Conclusions
	8.References:

