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A B S T R A C T   

Al-Cu laser lap welding is widely applied in modern manufacture industry (e.g., electric vehicle battery pack 
manufacturing). Due to the inevitable penetration fluctuation, pseudo welding defects (usually shown as lack of 
penetration depth) commonly exist in Al-Cu welds, severely influence the strength, electrical resistance of the 
welds. The quality inspection of laser welded joints is very important to ensure the reliability of welding seams. 
Traditional off-line monitoring methods are not likely satisfying the demand of high pace manufacturing such as 
EV power battery manufacturing. In this paper, a novel high accuracy Al-Cu laser lap welding penetration depth 
monitoring method based on spectral signal is introduced. The relationship model between the ratio of specific Al 
and Cu spectral intensities and the penetration depth of Al-Cu laser lap welding was established based on BPNN 
(Back Propagation Neural Network). The accuracy of the monitoring model was tested via a set of testing ex
periments and the results showed that the proposed method can precisely predict the penetration depth of Al-Cu 
laser lap welding.   

1. Introduction 

Al-Cu lap welding is widely used in electric vehicle (EV) 
manufacturing (Dimatteo et al., 2019). For example, in EV power bat
tery pack, aluminum and copper are commonly used as the material of 
the battery tab and busbar (Fig. 1) attribute to their high electrical 
conductivity (Sadeghian and Iqbal, 2022). Nowadays, the lap welding 
method includes: resistance spot welding, ultrasonic welding, arc 
welding and laser welding etc. (Stavridis et al., 2017). Laser welding has 
been widely used during the manufacturing process of EV (Das et al., 
2018) due to the advantage of incomparable welding efficiency (Chel
ladurai Asirvatham et al., 2022), small heat affection zone, high 
depth-width ratio and minimal distorting (Song et al., 2021). 

Reliability of the Al-Cu laser lap welding joints are the basic guar
antee of high yield EV power battery manufacturing (Kuryntsev, 2021). 
However, laser welding is a highly dynamic process, the fluctuation of 
the penetration depth is inevitable due to the rapid change of key hole 
and weld pool. At the same time, the differences in fusion point and 
thermal conductivity of Al and Cu (Table 1) make it difficult to obtain a 
fine welding joint (Naeem and Montello, 2022). In the “wave trough” 
zone, weak joints of Al and Cu are likely to become pseudo welding 

defect and brought danger to EV use (Wang et al., 2020; Wu et al., 2021). 
Welds quality monitoring is essential when it refers to ensuring the 
reliability of the power battery of EVs. Traditional destructive moni
toring methods are not able to fulfill the demand of high pace EV 
components manufacturing. 

The forming monitoring methods based on signals that acquirable 
during the process of laser welding were studied and gradually utilized 
in the practical production. Two sorts of the widely used monitoring 
methods are based on visual or acoustic signals, which consist of the 
information of the area and the size of the weld pool, keyhole and 
plasma plume, and the pitch of the sound during the laser welding 
process. Visual and acoustic signals can be easily acquired by equipment 
that equipped with CCD, CMOS or microphones. Early in 1997, Beersiek 
et al. (1997) proposed a laser welding process monitoring method based 
on visual signals captured by CCD-camera and the capillary was moni
tored with an accuracy of ± 10%. Years later, Zhang et al. (2020) 
introduced an innovative convolutional neural network (CNN) based 
monitoring method that consist of a visual monitoring system and a 
penetration state analytic system. The penetration state (Partial pene
tration, moderate penetration, full penetration, excessive penetration) 
classification accuracy of the CNN model reached 94.6%. Cai et al. 
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(2022) proposed a novel penetration classification method based on 
deep neural networks methods and proved that the monitoring method 
could reach 98.68% prediction accuracy. Early in 1995, Gu and Duley 
(1995) studied the acoustic emission during the process when laser 
beam interacted with the materials, they found that the harmonic 
components shows different characteristic when the penetration status 
are different. Yusof et al. (2017) acquired sound signals during the laser 

welding process. The sound dynamics in time domain, frequency 
domain was analyzed prior to the support vector machine classification 
analysis. They concluded that the features that extracted via 
synchrosqueezed-wavelet analysis were useful in classifying sound sig
nals from different penetration status. Comparing to the half/full 
penetration classification with BP, the Cumulative 
Sychrosqueezed-wavelet classification method improved the accuracy 
from 91.94% to 96.94%(Yusof et al., 2020). Based on the researches of 
the laser welding monitoring methods introduced above, some re
searches proposed some monitoring methods based on multiple signals 
(Nilsen et al., 2017; Oezmert et al., 2013). Based on the images captured 
by high speed camera, Zhang et al. (2018) found that the variation of the 
centroid height plasma plume and keyhole constantly located in 
low-frequency component (0–400 Hz). With the help of BPNN, Li et al. 
(2022) analyzed the relationship between the images and spectrum of 
plasma plume and penetration depth, they found that the area and 
centroid height of plasma are highly related to the penetration states. 
The BPNN model based on plasma plume-based multi feature was able to 
predict the penetration state with an accuracy of 97%. Zhang et al. 
(2019) used a monitoring system that employed a multi-band visual 
system, a spectrometer and a photodiode to capture signals of the laser 
welding process. A monitoring system based on a deep belief network 
was then established and was proved to be high-precision and high 
robustness in welding status monitoring (sound well weld, blowout, 
humping, undercutting). However, the weld penetration status (non-
sufficient penetrated welds, full penetrated welds, over penetrated 

Fig. 1. The practical application of Al/Cu in e-mobility cell pack (Das et al., 2019; Solchenbach et al., 2014).  

Table 1 
Electrical and mechanical properties of Al and Cu and their volumetric weight 
and cost (Kumar et al., 2021).  

Materials Electrical 
properties 

Mechanical 
properties 

Volumetric 
weight (kg/ 
m3) 

Cost (US 
$/ton) 

Al ρ = 2.8 × 10− 8 

Ω⋅m 
TS = 90 MPa, YS 
= 75 MPa, SS 
= 70 MPa, 
λ = 229 W/m⋅K, MT 
= 645℃, 
α = 24 × 10− 6 ℃− 1 

2700 2490.0 

Cu ρ = 1.7 × 10− 8 

Ω⋅m 
TS = 210 MPa, 
λ = 391.1 W/m⋅K, 
MT = 1083℃, 
α = 16 × 10− 6 ℃− 1 

8960 10,029.0 

Note: ρ = Electric resistivity, TS = Tensile strength, YS = Yield strength, SS 
= Shear strength, λ = Thermal conductivity, MT = Melting temperature, 
α = Coefficient of thermal expansion. 

Fig. 2. Laser welding experimental system with optical spectrum acquisition.  
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welds) classification model established in these studies are not likely 
quantitatively monitoring the penetration depth. 

In recent years, spectral signal based laser welding penetration 
monitoring methods have been received plenty of concentration (Chen 
et al., 2013; Lehmann et al., 2013). Yu et al. (2020) presented a quality 
monitoring method based on deep neural network in laser welding 
process, reached nearly 90% penetration classification (unwelded, 
incomplete penetration, full penetration, unwelded by a gap) accuracy. 
Sibillano et al. (2010) proposed several studies based on the spectro
scopic analysis of the plasma plume collected during the laser welding 
process. The electron temperature of plasma plume was estimated. They 
found that the electron temperature had a clear trend of decreasing 
when the welding laser power increased (Sibillano et al., 2012a). They 
maintain that this counterintuitive pattern of change may have some
thing to do with the fact that at deeper penetration, the hottest core of 
the plume moves down into the evaporative capillary, so that the plasma 
temperature measured at the top of the pore appears to be lower at 
higher incident power. Such a quantitative relationship between the 
electron temperature signal and the penetration depth was used as the 
indicator of a laser power feed-back control system which was proved 
valid in penetration depth closed-loop control (Sibillano et al., 2012b). 
Oppositely, Chen et al. (2019) organized their galvanized steel laser 
welding experiments and found that the electron temperature had a 
clear trend of increasing when the welding laser power increased, the 
temperature and spectral intensity of the plasma plume varies when the 
welded samples have different sheet gaps. The relation between the 
plasma plume electron temperature and penetration depth still remains 
uncertainty. Plenty of works have proved that plasma spectra are able to 
reflect the particle concentration in the laser-sample interaction zone 
(Guo et al., 2013; Lednev et al., 2021; Yang et al., 1995). Schmalen et al. 
(2018) found that when the laser interacts with different materials (Al 
and Cu), the increase of Al/Cu-specific peak in the emission spectra 
could be detected. Based on existed studies, the differences lie among 
spectral intensities could provide data support to the penetration depth 
monitoring model in dissimilar metal laser lap welding. However, the 
study in this area still remains blank. 

In this paper, a novel Al-Cu laser lap welding penetration depth 
monitoring method based on the spectral signal of plasma plume is 
introduced. The spectral information of several Al and Cu lines under 
different laser power were extracted. The quantitative Al-Cu laser lap 
welding penetration depth monitoring model based on the ratio of Al 
and Cu spectra intensities was established based on BPNN. The accuracy 
of the method was tested via a set of testing experiments. 

2. Experimental 

The schematic diagram of the experimental device is shown in Fig. 2. 
A multi-mode IPG YLS-30000 Ytterbium laser system was used in the 

experiment. The working wavelength was 1070 nm and the maximum 
output laser power was 30 kW in continuous wave state. The laser beam 
was focused on the sample through a parabolic focusing mirror with a 
focal length of 74 mm. The laser head was attached to the end of a fully 
automatic 6-axis KUKA robot unit. A 3 mm thick Al1060 plate was 
superimposed on a 2 mm thick TU1 Cu plate, the lap welding experi
ment was carried out and the length of weld seams were kept at 100 mm. 
The welding speed was maintained at 35 mm /s and the defocusing 
distance from the sample surface was maintained at − 3 mm. The argon 
protection flow rate is 15 L/min and the nozzle distance is 6 mm. 

Through experiments, the laser power is set in the range of 4.8 kW ~ 
6 kW with 200 W gap to obtain different penetration depth. The plasma 
optical emission has been collected by a 6 mm focal length collimator 
placed at a 45◦ Angle to the laser beam axis, 200 mm from the focus. The 
collected plasma light signal was sent through a 200-um core fiber to the 
spectrometer, which divides the signal into eight parts, six of which were 
transmitted to the fast spectrometer, and the remaining two were used 
for calibration and backup. The model of the fast spectrometer was 
AvaSpec-UL32048Cl-6-EVO. The spectrometer employs six channels 
with different spectral bandwidth, respectively, spectral bandwidths of 
six channels are 200–363 nm, 362–512 nm, 511–611 nm, 610–705 nm, 
704–887 nm and 886–1100 nm. The optical signals with different 
spectral bandwidths were collected by channels whose serial number 
varies from 2111155U6 to 2111156U6 and mean optical resolution 
varies from 0.1 nm to 0.28 nm. Table 2. 

In this research, 35 pairs of samples were welded with laser power 
varies from 4.8 kW to 6 kW, the data obtained in 28 experiments were 
used as the training set of the BPNN and the rest 7 experiments (one for 
each different laser power) were used to verify the prediction accuracy. 
To obtain the accurate penetration depth of each weld seam, joints were 
cut transversely every 10 mm, 18 cross sections of each weld seam were 
analyzed and the mean value of penetration depth extraction result of all 
the sections were regarded as the penetration depth of the weld seam. 

3. Theoretical background 

3.1. Theoretical background 

The spectral intensity/counts stand for the electromagnetic radiation 
intensity. The counts shown on the interface of Avasoft software (the 
spectrometer data processing software) represent the voltage data pro
duced by CMOS in the spectrometer during the interaction between 
CMOS pixels and electromagnetic radiation, the higher electromagnetic 
radiation intensity, the higher voltage produced by CMOS. Therefore, 
the fluctuation of electromagnetic radiation intensity is detected by the 
spectrometer. According to Boltzmann Equation, based on the assump
tions that the laser- induced plasma is optically thin and in local thermal 
equilibrium, the laser-induced plasma emitted electromagnetic radia
tion intensity could be calculated the followed way (Chen et al., 2013): 

I = nsAijgihvij • exp( − Ei/kT)
/

Z (1)  

in which I is spectral intensity, respectively, Ei and gi are the energy and 
the degeneracy of the upper energy level, Aij is the transition probability, 
Z is the partition function, k is the Boltzmann constant, T is the electron 
temperature, ns is the particle concentration in the laser-induced 
plasma, h is the Planck constant, v is the frequency of the radiation. 
Let f be the function of Z and T, Aijgivijexp( − Ei/kT)/Z. Then, the particle 
concentration ratio of different particles in the laser-induced plasma can 
be calculated and simplified the followed way: 

ns1
/

ns2 = Aij1gi1Z2vij1exp((Ei2 − Ei1)/kT)I1
/

Aij2gi2vij2Z1I2 = f1I1
/

f2I2 (2)  

in which the subscribe character 1 and 2 represent two different parti
cles exist in the laser-induced plasma. On the basis on this equation, the 
particle concentration ratio could be regarded as a first order nonlinear 
function of the ratio of corresponding spectral intensities, which means 
that the relativity between these two ratios is strong. 

Table 2 
Chemical Composition Value in Samples (wt%).  

Element Al Si Fe Cu Mn Mg Cr Zn Ti 
Actual Chemical Composition Value 99.65 0.08 0.16 0.03 0.02 0.01 0.16 0.01 0.01 
Element Cu+Ag P Bi Sb As Fe Ni Pb Sn S Zn O 
Actual Chemical Composition Value 99.9929 0.0012 0.0003 0.0001 0.0002 0.001 0.0006 0.001 0.0002 0.0005 0.0004 0.001  

S. Li et al.                                                                                                                                                                                                                                        
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3.2. Extraction of continuous characteristic spectral lines 

The spectral data got from the fast spectrometer contains the in
tensity information of thousands of spectral lines whose wavelengths lies 
between 200 nm and 1100 nm. However, only a few of them were 
distinguishable spectral lines (characteristic spectrum lines), even less 
were continuously detected throughout the laser welding process. The 
first thing of spectral data analysis is to find continuous distinguishable 
spectral lines throughout the process of laser welding. 

As shown in Fig. 3, a sliding window of size N was set to extract the 
distinguishable spectral lines that satisfies the equation: 

In >
∑n+N/2

i=n− N/2
Ii

/

N + r •

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n+N/2

i=n− N/2
(Ii − I)2

/

N

√
√
√
√ (3)  

in which I means the spectral intensity, respectively, n stands for the 
number of the analyzed spectral line, N stands for the size of the sliding 
window and r is the comparison coefficient. The coefficient that inFig. 3. Spectral analyze based on sliding window method.  

Table 3 
Information of important spectral lines (Kramida, 2022).   

Ritz Wavelength 
(nm) 

Aji (s− 1) Ei (cm− 1) Ej (cm− 1) Lower Level 
Conf., Term, J 

Upper Level 
Conf., Term, J 

Al I 308.2151 5.87e+ 07 0 32,435.453 3s23p 2P◦ 1/2 3s23d 2D 3/2  
309.27084 7.29e+ 07 112.061 32,436.796 3s23p 2P◦ 3/2 3s23d 2D 5/2  
394.40060 4.99e+ 07 0 2537.756 3s23p 2P◦ 1/2 3s24s 2S 1/2  
396.15201 9.85e+ 07 112.061 25,347.756 3s23p 2P◦ 3/2 3s24s 2S 1/2 

Cu I 324.75358 1.395e+ 08 0 30,783.697 3d104s 2S 1/2 3d104p 2P◦ 3/2  
327.39521 1.376e+ 08 0 30,535.324 3d104s 2S 1/2 3d104p 2P◦ 1/2  
578.2126 1.65e+ 06 13,245.443 30,535.324 3d94s2 2D 3/2 3d104p 2P◦ 1/2  

Fig. 4. Multichannel separation of the line spectrum from the background.  
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fluences the extraction result most is r. A larger number of lines could be 
extracted if a relatively small value of r is chosen, which could cause a 
heavy work when analysis the extracted lines. On the other side, if a 
relatively large value of r is chosen, the number of the extracted lines 
could be less than existed characteristic spectrum lines, which could lead 
to information loss. After several times of experiments, 1.3 is found to be 
the proper value of r that could extract the characteristic spectrum 
efficiently. The value of N, which means the number of detected spectra 
in the sliding window, should be set slightly smaller than twice the 
smallest gap between two distinguishable lines that corresponding to 
adiation with different lower energy level. In this research, the value of 
N was set to 40. 

The result of distinguishable spectral line extraction shows that 
characteristic spectral lines with 62,055 different wavelengths were 
extracted out of 10,636 different wavelengths of spectra data, most of 
them just appeared a few times, 685 of them even appeared just once in 
the whole process of laser welding. Considering of approximately 
8.35 ms each frame might take (including integration time and data 
processing and transmission time) and about 3.4 s of welding time, there 
are approximately 400 frames that contains the information of laser- 
induced plasma radiation. To ensure that the chosen characteristic 
lines can be used for laser welding process in-situ monitoring, 61 spec
tral lines that appeared in more than 80 frames were extracted out of 
10636 spectral data at last as continuous characteristic spectral lines. 
After comparing the wavelengths of these 61 spectral lines with the 
database of NIST (Kramida, 2022), 7 of them are Cu or Al lines (Table 3), 
53 of them are derived from the radiation of the plasma of elements from 
welding samples. 

3.3. Separation of line spectrum based on multi-channel second lower 
enveloping method 

After the process above, characteristic spectral lines that 

continuously exist throughout the whole laser welding process were 
extracted. As is shown in Fig. 4, the intensity of them, however, is 
determined by not only the corresponding ionized element’s emitted 
radiation but also the spatial error between different channels and the 
background spectral intensity (including AlO radical etc.) (Guo et al., 
2013). For further calculation, the needed ionizing radiation intensity 
has to be separated from the background spectrum and the spatial error 
has to be eliminated. 

To eliminate the spatial error, the background spectrum is separated 
in different channels of each frame. Not like needlelike ionized metal 
atom spectral lines, the background radiation spectrum is smoother in 
wavelength dimension, which makes the method of second lower 
enveloping useful in the process of line spectrum separation. Firstly, 
every local minimum point was found, then cubic spline method was 
used to fit the background spectrum. Repeating this process for another 
time, then the background spectrum could be separated, which also 
means that needle-like spectrum is separated from the original spectrum 
(Fig. 4). 

3.4. Penetration depth extraction 

Considering the fact that the bottom of the penetrated zone is just 
about 1 mm width. Whereas, when cutting the welds lengthways, it is 
hard to keep the cross section through the bottom of the weld. To 
eliminate the penetration depth extraction error contributed by welds 
cutting process, the welds were cut into ten pieces crosswise, the cross 
sections were polished, scanned, the scan image of each section were 
analyzed and the mean penetration depth value of all the crosswise 
pieces in a single weld was regard as the practical penetration depth. 

Turning the picture into grey image and find a threshold to obtain the 
desired outline is a commonly used method in the field of picture pro
cessing. In this case, however, the difference between welded zone and 
base metal zone in the grey image is hard to tell (Fig. 5). Consider of the 

Fig. 5. The grey value of the image at deepest weld crosssection.  
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significant color difference between two zones, a RGB color analysis 
method is used to obtain penetration depth in this research. 

As is shown in Fig. 6, is the figure of RGB value of the cross-section 
image, in the lower base metal region, the red value is relatively higher 
than the value of green and blue signal. Therefore, the RGB value and 
the proportion of red and green/blue value can be used to obtain the 
number of the pixels that represent lower base metal in the weld scan 
image (the region between the blue lines). The average number of pixels 
in the vertical direction of the unwelded area of the lower plate is 63. For 
the reason that the thickness of the lower base metal is 2 mm, the length 
that each pixel represent in vertical direction is about 0.033 mm. 

Multiply the number of pixels by the length of each pixel, we can find the 
thickness that is not penetrated (Unwelded Zone in Fig. 6). The pene
tration depth is then obtained by subtracting the unpenetrated thickness 
from the total plate thickness. 

4. Proposed method 

4.1. The analysis of the relation between spectral intensity ratios and 
penetration depth 

The spectrometer’s working time is in sync with the shielding gas. 

Fig. 6. The RGB value of the image at deepest weld crosssection.  

Fig. 7. Spectral intensity ratios of (a) Cu I/Al I and (b) Mn I/Al I lines.  

S. Li et al.                                                                                                                                                                                                                                        
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The time range of acquiring laser-induced plasma spectra data, there
fore, is a bit longer than the actual time range of the laser welding 
process. To obtain spectral information just right during the welding 
process, Na I line with a wavelength of 588.99 nm (captured via channel 
three), which is constantly distinct in spectra, is used to segment the 
obtained spectra in time range. 

As mentioned above, Cu I lines with wavelengths of 324.7 nm, 
327.4 nm (captured via channel two) and 578.2 nm (captured via 
channel three) and Al I lines with wavelengths of 308.2 nm, 309.3 nm 
(captured via channel one), 394.4 nm and 396.1 nm (captured via 
channel three) were used to calculate the spectral intensity ratio of Cu I 
and Al I spectral lines in the whole process of laser welding. To eliminate 
the possible integral spectral influence to the result, the Mn I lines with 
wavelengths of 403.07 nm, 403.3 nm and 403.45 nm (captured via 
channel two) were used to calculate the spectral intensity ratio of Mn I 
lines and Al I lines as the comparison group. The mean spectral intensity 
value of all the lines mentioned above in thirty-five welds were calcu
lated to obtain the spectral intensity ratio. These thirty-five welds were 
consisted of seven sets of welds with different welding power varies from 
4800 W to 6000 W, each set of welds has five welds that welded with the 
same welding parameter. The variation tendency of spectral intensity 
ratio in these five sets of experiments are shown in Fig. 7. 

Fig. 7(a) shows the variation tendency of the Cu/Al spectral intensity 
ratio and Fig. 7(b) shows the variation tendency of Mn/Al spectral in
tensity ratio. As the laser power increases, the Cu/Al spectral intensity 
ratio has an obvious increasing tendency, as for the Mn/Al spectral in
tensity ratio (the comparison group), the tendency is much more 
disordered, which means that the increasing tendency is not a general 
feature of spectral intensity ratios other than Cu and Al characteristic 
spectral lines in these sets of experiments. In the other words, the 
increasing tendency of Cu/Al spectral intensity ratio is possibly due to a 
kind of change directly proportional to the change of laser power, that 
relevant to the source of Cu I and Al I spectral lines only. The source of 
Mn I lines, however, is the same as the source of Al I lines, which makes 
the ratio of the spectral intensity of them are not quite relevant with the 
change of the laser power. 

Another feature of the distribution of Cu/Al spectral intensity ratio is 
that the increasing tendency of them is more obvious and smoother in 
the last row of subplots in Fig. 7(a), which are the ratio of Cu I spectral 
line with a wavelength of 578.2 nm that lies in the channel three and Al I 
lines. The difference between the last row of ratios and previous ones is 
that the spectral lines used to calculate the ratio in the last row have the 
biggest wavelength difference. This phenomenon is caused by the fact 
that the fluctuation of the spectral lines that lies near each other is tend 
to have a similar change pattern. This similar change pattern can also be 
found between the first row and the second row, the first column and the 
second column, the third column and the last column. These sets of 
subplots represent the ratio that result from either nearby Cu lines 
(324.7 nm, 327.4 nm) or nearby Al lines (308.2 nm, 309.3 nm and 
394.4 nm, 396.1 nm). Inevitably, the spectral intensity ratio fluctuation 
caused by the variation of particle concentration is easy to be coupled 
with the similar changing pattern of nearby spectral lines. This feature 
leads to a result that the ratio between two spectral intensities with 
larger wavelength difference is tend to have a better particle concen
tration ratio representation capacity. Comparing to single channel 
spectra monitoring methods, multi-channel methods have an irre
placeable advantage of larger wavelength range. 

According to the theoretical background demonstrated above, the 
increasing tendency of Cu/Al spectral intensity ratio may due to the 
change of penetration depth brought by the change of the laser power in 
different sets of experiments. The spectral intensity ratio has a strong 
correlation with the corresponding particle concentration in laser- 
induced plasma. Furthermore, the particle concentration, particularly 
the particle source from different material in the case of dissimilar metal 
lap joint laser welding, is determined by the penetration depth. As long 
as the upper sample is fully penetrated, the particle concentration of Al 

or other elements that only exist in the upper sample is supposed to be 
relatively constant. The particle concentration of Cu or other element 
that exist in the lower plate, however, is supposed to be varied in 
different set of experiments for the reason that different laser power 
result in different penetration depth. Consequently, the change of 
penetration depth result in the ratio variation of the spectral intensity 
that source from these elements. To obtain a more specific relation be
tween spectral intensity ratios and penetration depth, the next step is to 
obtain the penetration depth in different set of experiments. 

In the experimental set with a laser power of 6 kW, full penetration 
and over penetration part exist in the welds. Considering of the fact that 
over penetration only happened in few points in this set of experiments, 
the penetration depth was calculated as 5 mm (fully penetration depth) 
with little loss of accuracy to integral penetration depth. As the laser 
power increases from 4.8 kW to 6 kW, the penetration depth varies from 
3.3 mm to 4.2 mm, the standard deviation varied from 34.18 µm to 
133.17 µm and kept an increasing tendency except the fourth set of 
experiment. The deviation percentage varies from 1.02% to 3.58%, the 
mean deviation is 84.85 µm, the biggest absolute deviation value 
happened when the laser power is 5.4 kW. It comes to a conclusion that 
the experience-based penetration depth prediction is not precise enough 
for practical use. Though the deviation of each set of experiment in
creases when the laser power increase, the depth value cross section was 
kept less than one seventh the penetration depth distribution range of 
different sets of experiments. The mean value of the penetration depth 
increases smoothly from 3.3 mm to 4.2 mm as the laser power increases 
from 4.8 kW to 6 kW. Though the absolute difference between the range 
of penetration depth and the spectral intensity ratio is huge, the varia
tion tendency of mean penetration depth in Fig. 8 is marvelously similar 
to the variation tendency in the last two spectral intensity ratio subplots 
in Fig. 7 (Spectral intensity ratio of Cu I 578.2 nm line and Al I 394.4 nm, 
396.1 nm lines). Once again, the spectral lines with larger wavelength 
difference wins when it comes to the correlation between spectral in
tensity ratio and penetration depth. 

4.2. Al-Cu laser lap welding penetration monitoring model 

As demonstrated before, theoretical speaking, the particle concen
tration can be expressed as a function of the corresponding spectral in
tensity. The penetration depth, therefore, can be regarded as a function 
of the spectral intensity ratio and the relation between them is supposed 
to be nonlinear (impossible to find a constant coefficient). Nonetheless, 
under fitted circumstance, the function between the spectral intensity 
ratio and the penetration depth is ought to be fixed. Based on the 
spectral intensity ratio and the penetration depth acquired above, the 
changing pattern of the correlation of them with the change of laser 
power is then obtainable. As shown in the Fig. 9, the red circles are 

Fig. 8. Penetration depth variation.  
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statistical analysis data of the correlation between the spectral intensity 
ratio and the penetration depth and the redlines are the fitting result 
using the method of cubic spline interpolation. The cubic spline inter
polation is defined as followed functions: 

S(x) =
∑n− 1

i=1
Si(x), x ∈ [xi, xi+1] (4)  

Si(x) = ai(x − xi)
3
+ bi(x − xi)

2
+ ci(x − xi)+ di, x ∈ [xi, xi+1] (5)  

in which, Si(x) is the cubic polynomial function, S(x) is the point 
participating in interpolation operation, n is the number of points 
participating in interpolation. The function value, first derivative and 
second derivative of the cubic polynomial function are continuous at the 
endpoints, and the function value at the interpolation point is equal to its 
actual value. So, 

aihi
3 + bihi

2 + cihi + di = di+1 (6)  

3aihi
2 + 2bihi + ci = ci+1 (7)  

6aihi + 2bi = 2bi+1 (8)  

in which, hi = xi+1 − xi is the distance between two adjacent interpola
tion points. Then set the first derivative values of S(x) at xl and xr equal 
to k1 and k2 respectively to solve the coefficients ai, bi, ci and di of all 
polynomial functions. 

Considering the fact that the sensitivity of different spectral lines 
ratio to particle concentration varies. The relationship between the 
predicted penetration depths based on different spectral intensity ratios 
and the actual penetration depth was determined using a BPNN model 
which has three hidden layers, the structure and hyperparameter set
tings of the BPNN model are shown in Fig. 10. 

4.3. Model accuracy verification 

To verify the accuracy of this method, a set of experiments were used 
as the test group. The laser power used in this set of test group varies 
from 4.8 kW to 6 kW, respectively, the welding speed was kept 
constantly at 35 mm/s, the defocusing distance was − 3 mm, the flow 

Fig. 9. Correlation between penetration depth and spectral intensity ratios.  

Fig. 10. The structure and hyperparameter settings of the BPNN model (Dai and MacBeth, 1997).  
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rate of shielding gas was kept 15 L/min, the distance and the angel with 
the respect to the laser beam, etc. was kept the same as the experiments 
before. The intensity ratio of the selected spectral lines of this set of 
testing group of experiments are shown in the Fig. 11. 

Based on the correlation between penetration depth and spectral 
intensity ratios calculated above, and the spectral intensity ratios ob
tained in the testing set of experiments, the predicted penetration depth 
of each spectral intensity ratio are listed in the Fig. 12. 

The predicted penetration depths of the welds based on different 
pairs of spectral lines are supposed to have similar increasing tendency 
when the laser power increases. However, the fact is that the increasing 
tendency is not clear enough to make a penetration depth increasing 
judgment in a few of the predictions. Therefore, a conclusion can be 
made that a single pair of spectral intensities cannot be regarded as the 
support of an accurate penetration depth prediction. Based on the result 
of the BPNN model obtained previously, all these twelve predictions 

Fig. 11. The spectral intensity ratio of the test set.  

Fig. 12. The predicted penetration depth(mm) via different ratio.  
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were integrated to make an ultimate penetration depth prediction 
(Fig. 13) (Table 4). 

Comparing to the actual penetration depth, the prediction result has 
a mean error of 0.05 mm, five predictions of the seven experiments have 
errors less than 0.1 mm. The predicted penetration depth has an almost 
identical tendency as the actual penetration depth. 

5. Conclusions 

In this paper, a novel Al-Cu laser lap welding penetration depth 
monitoring method based on the spectral signal of plasma plume is 

introduced. The main conclusions can be draw as follows.  

(1) Based on the Al-Cu laser lap welding experiments, it is found that 
the differences in spectral intensities of specific aluminum and 
copper lines can reflect the variation of penetration depth, which 
lays the foundation of Al-Cu laser lap welding penetration depth 
monitoring.  

(2) The ratio of the specific spectral intensities and the penetration 
depth have high correlation, but the approximate functional 
relationship between them varies under different laser power.  

(3) Based on BPNN, the Al-Cu laser lap welding penetration depth 
monitoring model under different laser power was established. 
The testing result showed that the proposed penetration depth 
prediction method can achieve 0.05 mm monitoring accuracy. 

In the future, we will integrate the proposed penetration depth 
monitoring method with an accuracy of 0.05 mm in the laser head and 
the monitoring system will play the role of defect detection and quality 
control in the manufacturing of power battery of e-mobility. 
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Fig. 13. The result of the penetration depth prediction.  

Table 4 
The result of the penetration depth prediction.  

No. Laser Power (W) Predicted Penetration Depth (mm) Actual Penetration Depth (mm) Cross Section Image 

1  4800  3.36  3.36 

2  5000  3.50  3.46 

3  5200  3.60  3.49 

4  5400  3.75  3.76 

5  5600  3.90  3.77 

6  5800  3.97  3.92 

7  6000  4.30  4.31 
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