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Abstract: In laser - arc hybrid welding, the selection of welding parameters is crucial for achieving excellent
mechanical properties of weld joints. In this paper, based on the experimental data of laser - arc hybrid plate butt
welding, a BP neural network was employed to establish a prediction model between the hybrid - welding process
parameters, namely welding current I/A, laser power P/W, welding blunt height D/mm, welding angle a/2, welding
gap d/mm, and welded joint tensile strength. Subsequently, the multi - population genetic algorithm (MPGA) was
utilized to optimize the internal topology of the BP neural network, aiming to enhance the prediction accuracy. The
results indicate that the prediction error of the optimized neural - network model for tensile strength is less than
6%. According to the established BP neural - network model, taking the maximum tensile strength of the welded
joint as the objective function, the genetic algorithm (GA) was used to optimize the welding process parameters
with the range D € [2,4]/mm,d € [0.1,0.8]/mm, a € [30,60]/° P € [2300,2800]/W, 1 € [200,280]/A. Finally,
the optimal tensile strength of the weld joint was obtained as 1.441 MPa. The combination of hybrid - welding
process parameters is as follows: blunt edge of 3.1 mm, welding angle of 512, welding gap of 0.37 mm, welding
current of 200 A, and laser power of 2700 W. Based on the hybrid - welding process parameters optimized by the
genetic algorithm, a plate - butt - welding experiment was conducted on the welding test platform.
The hybrid - welding conditions were kept unchanged, and the welded sample was processed and tested for tensile
strength. The test results indicated that the tensile strength of the welded sample corresponding to the optimized
process parameters was 1.35 MPa. This value is higher than the maximum tensile strength of 1.309 MPa in the
welded samples of the orthogonal test.

Key-words: BP neural network; Multi-population genetic algorithm; Maximum tensile strength of sample joint;
Optimization of welding process parameters.

1. Introduction

Compared with arc welding and laser welding alone, laser - arc hybrid welding exhibits obvious advantages. It has greater
penetration, excellent bridging performance, high efficiency, a faster welding speed, lower cost, and less residual stress.
In comparison with laser welding, the bridging performance of laser - arc hybrid welding is significantly enhanced due to the
addition of an arc. In single - laser welding, since the weld width is merely about 2.5 mm, it demands higher tooling accuracy
during the laser - welding process. In arc welding, as the welding depth is only around 1 - 3 mm, the methods of multi - pass
welding and bevelling are often employed in the welding of medium - and thick - plates to meet the requirements. Owing to
these advantages, laser - arc hybrid welding occupies an irreplaceable position in the manufacturing industry.

The mechanical properties of hybrid - welded joints are mainly influenced by the combination of welding process
parameters, including laser power and welding current. The welding gap, blunt edge, and welding angle determine the
pre - welding dimensions and ultimately affect the fusion ratio of the base material. Different fusion ratios will lead to
different welding - joint qualities. During the process of laser - arc hybrid plate surfacing welding, given that numerous
welding parameters are involved and there are strong couplings among each parameter, the variation of any parameter
may have a substantial impact on the mechanical properties of the hybrid - welding sample. To this end, many domestic
and foreign scholars have conducted extensive research on the relationship between the parameters and the mechanical
properties of the sample.
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At home and abroad, there are two main approaches for optimizing hybrid - welding process parameters. The first is to
employ various experimental - design methods. Through testing, these methods approximate the influence of welding
parameters on welding quality, and ultimately obtain a better parameter combination for welding - joint performance. For
instance, Feng et al. [1] applied lase micro-welding to achieve non - contact connection structures, which is suitable for the
encapsulation treatment between alloys. To improve the comprehensive performance of the titanium alloy TA2/stainless steel
316L composite plate in mechanical power connection structures, they conducted a series of experiments and finally got a
optimal combination of welding parameters. Li et al. [2] conducted the laser-arc welding to optimize the tensile strength. The
micro-structure was analyzed by optical microscope and scanning electron microscope. The research results show that with
the increase of laser power, the incomplete penetration phenomenon of the weld disappears, the porosity tendency
decreases, and the tensile strength of the welded joint increases. Qin etal. [3] Select the welding process parameters
(laser power, welding speed, glass fiber content) as the influencing factors, and choose the welding quality (weld shear
strength, weld width) as the response values. The accuracy of the model is verified through the analysis of variance table and
the residual probability plot, and the interactive effects of different combinations of welding process parameters on the
welding quality are explored. The optimal welding process parameters of the glass - fiber - reinforced composite material were
determined respectively with the objectives of the best welding quality and the minimum welding cost.

The second approach is to use a simulation method to simulate the welding process and then apply some optimization
techniques to obtain a favorable combination of welding parameters. For example, Huang et al. [4]. Aiming at the problem of
the optimal mechanical properties of M20 friction - type high - strength bolt connections, a multi - parameter and
multi - objective optimization design study was carried out. First, a numerical analysis method for the performance of
friction - type high - strength bolt connections was established and verified. Finally, based on the MOGA genetic algorithm, the
values of design parameters for giving full play to the bolt performance were calculated and analyzed. Hua [5] used the LSSVM
method to simulate and predict the tensile strength of welded joints and took advantage of AFSA's excellent optimization
ability to optimize the friction - welding process parameters. The main indices of welded joints include joint tensile strength
(impact work) and weld appearance. The finite - element method is based on theory to complete the simulation of the welding
process. However, the actual hybrid - welding process is more complex and variable. As a result, the optimized process
parameters can only serve as a reference for welding tests, and thus comprehensive optimization cannot be carried out.
Although LSSVM has good nonlinear - mapping capabilities, the large number of hybrid - welding - process parameters leads to
low accuracy of the prediction model. Therefore, most scholars use neural networks to establish a prediction model between
hybrid - welding process parameters and weld mechanical properties. Hong Yanwu, Han, Ronghao, Parimi, Satish, and
others [6-11] [18-20] used neural networks to predict weld mechanical properties, as well as weld morphology and size.
Nevertheless, the training of neural networks typically requires a large amount of training data. If the training - sample data is
scarce, the prediction accuracy will be significantly reduced or may even become impossible. Consequently, simply using
neural networks necessitates a large number of hybrid - welding tests to obtain a vast amount of training data to enhance the
prediction accuracy, resulting in a substantial increase in research costs.

Based on the above problems, this paper utilizes the powerful nonlinear mapping ability of the BP neural network to
establish a prediction model for hybrid welding process parameters and the mechanical properties of weld joints. The
weight thresholds within the neural network are initialized, and the initialized values are binary - encoded. The encoded
binary values are iteratively optimized as individuals in the genetic algorithm population [12-15] to address the issues of
premature convergence and local convergence of the BP neural network, so as to obtain a neural network model with high
prediction accuracy.

However, the process of optimizing the neural network using the genetic algorithm requires training the corresponding
neural network of each individual once with training data to calculate the fitness value of the corresponding individual. Due to
the large population size and slow optimization speed, it takes a relatively long time to obtain the final neural model. To solve
these problems, this paper employs a multi - population genetic algorithm (MPGA), which has a strong global optimization
ability and a fast optimization speed, to replace the GA.

Many scholars have applied MPGA in many different fields. Wang et al. [16] applied MPGA to optimize the improved
Stanley controller to achieve better tracking performance of two - wheeled tractors. Jingcheng Wang et al. [6] proposed an
MPGA - based program to determine the wind speed - direction design. The results of the MPGA - based program can
significantly improve the performance of the sector - by - sector method. Zhou et al. [7] proposed a train set cycle optimization
model aiming to minimize the total connection time and maintenance cost and designed an efficient multi - population genetic
algorithm (MPGA) to solve the model.

In this paper, a multi - population genetic algorithm (MPGA) is employed to optimize the internal parameters of the
topological structure of the BP neural network. Based on the optimized prediction model, the combination of welding process
parameters is regarded as the optimization parameter of the genetic algorithm (GA). Eventually, the combination of process
parameters that results in the maximum tensile strength of the welded - sample joint within the specific range of each welding
process parameter is obtained.
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2. Laser-Arc Hybrid Welding Test Platform and Tensile Test Platform

In the hybrid welding experiments, the self-developed hybrid device platform is shown in Figure 1. The Nd: YAG
solid-state laser of TrumPF company in Germany and the MIG/MAG welder of Panasonic YD-350AG2HGE with the maximum
welding current of 350A are used for paraxial recombination. The laser was focused through a 220 mm focusing mirror to
obtain a 0.5 mm diameter spot. The amount of defocus is -2 mm. The protection gas of the metal active-gas welding (MAG) is
a mixture of 10% CO2+90% Ar with a flow rate of 17L/min. The test material was 150mmx30mmx6mm low-alloy high-nitrogen
steel plate, and the welding was performed by plate butt welding. A stainless steel wire with a diameter of 1.2 mm was used,
the dry protrusion length was 12 mm, and the arc welding pitch inclination was 602. After welding, the weld section was
obtained by computer numerical control (CNC) wire cutting. Then the tensile strength of welded sample was tested to obtain
the corresponding tensile strength data. Under the welding test system platform, the MAG voltage is set at 25V and the
welding speed is 1.2m/min. Taking the blunt height D, welding gap d, welding angle a, laser power P, and welding current | as
the parameters of the hybrid welding process, 28 welding experiments were performed with the range of welding parameters
D € (2,4)mm, d € (0.1,0.8)mm, a€(30,60)°, PE(2300,2800)W, | € (200,280)A to get 28 welding specimens, which were applied
to do the tensile test to get their tensile strength data (Table 1).

Figure 1. Hybrid welding test platform.

Table 1. The main component of high strength steel (wt%).

Element C Si Mn Cr P S
Proportion 0.2 1.6 2.0 2.1 <0.006 <0.006

The tensile test will be carried on the tensile test platform shown in the Figure 2. The tensile test specimens were fixed in
the fixture part and then gradually stretched through the hydraulic equipment on the tensile test platform. The stretching
deformation and tension data are transmitted to the computer via sensors and are then saved.

X 1 1 ~ . .
Stretching power mechanism ~. _ ~Tension and displacement sensors
x

Fixture part - -

Figure 2. The tensile test platform.
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3. Research Methodology

3.1. The flow chart of optimization of BP neural network

The internal weights and thresholds of the BP neural network determine its final prediction result. Optimizing the BP
neural network with the Genetic Algorithm (GA) involves continuously adjusting the internal weight - thresholds based on the
error of neural - network prediction, aiming to obtain a BP neural network with high accuracy in tensile - strength prediction.
The process of the genetic algorithm optimizing the neural network is shown in Figure 3.

{ Popultion %

\ Initialization /
The structure of \_1_/
BP neural
networks Deploying multiple
T MPGA populations
1 L

individual of population

r —
‘ Initialize the weights and \ [/ Population

threshold and code the values / \_ Initialization /
‘ into binary digist . -

Migraton

|
L}

decode the binary individual to / Value of fitness
get the weights and thresholds \ function /

l

assign the weights and
thresholds to the neural network

Opern

- Elite Population .

Population 1

l I——
train the networks with lrnlulug data

Population 3

gi}_em':xgmc’e’:?
l i
Y
calculate the predicition error with * i
test data ( cid )

Figure 3. The flow chart of MPGA Optimizing the BP Neural Network.

The optimization of the internal weight thresholds of the BP neural network is mainly divided into the following three modules:
calculating the number of neurons in the BP neural network topology, training the neural network and calculating the prediction
error, and decoding the internal weight thresholds of the neural network and optimizing them using the genetic algorithm.

3.2. Determining the topology structure of the neural network for the relationship between the hybrid welding process
parameters and the tensile strength of the sample

The principal steps for the implementation of the neural network are as follows.
(1) The predictive neural network for the tensile strength of welded joints in this paper employs the frequently - used three - layer

BP neural network, consisting of the input layer, the hidden layer, and the output layer.

(2) Inthe topology of neural networks, Formula 1 [17] can be used to calculate the number of hidden layer neurons.

n,=2xn,+1 (1)

where n; and n, represent the number of neurons in the input layer and hidden layer, respectively.

3.3. Initialization of the weight threshold of the BP neural network

According to the neural network topology constructed above, the initial weights and thresholds of the neural network
are randomly set within the range of [-0.5, 0.5]. Since the initial weights and threshold values have a significant impact on the
final training convergence result of the neural network, all the weights and threshold values are concatenated into a string,
which serves as the optimal individuals of the genetic optimization algorithm. The string is presented in Figure 4.

Rev. Soldag. Insp., 2025;30:e3013 4/14



The Research on Optimization of Laser-Arc Hybrid Welding Process Parameters Hong et al.
Based on Neural Networks for Maximum Tensile Strength of Weld Joint

‘Weights between input and Threshold values in hidden Weights between hidden and Threshold values in
hidden 13.‘"“'311“ fo 55th layer : 155“! to 66th output layer : lﬁ?th to 77th hidden la_\'lr: 78th

[ | 1 1.4 )
0.20 0.03 -0.29 ...... 0.11 -0.14 0.21 ...... 0.13 0.17 042 -0.39 ...... 0.48 0.12 035 -0.23

Figure 4. The string of initialized weights and thresholds of BP neural network.

3.4. Training and testing the errors of neural network

3.4.1. The training of neural network

Twenty - two groups were randomly selected from twenty - eight groups of hybrid welding tests. The corresponding
welding process parameters and the tensile strength values of welded joints were utilized as the training data for the
neural network.

The number of training iterations was set to 100, the training termination error was set at 0.01, and the self - learning rate
was set to 0.1.

3.4.2. Testing the prediction accuracy of the the trained neural network

After obtaining a well - trained neural network, the hybrid welding test data of groups 25 - 28 are used for testing. The
welding process parameters are input into the trained neural network to predict the corresponding tensile - strength values,
and the prediction error is calculated using the test data. The calculation formula is shown in Formula 2.

5=§|O‘1i—0'2,.|/4 (2)

i=25

where: g4; denotes the predicted tensile strength degree and o,; denotes the actual measured tensile strength.
3.5. Optimization of BP neural network by MPGA

3.5.1. Population initialization

Based on the neural network topology, all the weight and threshold values are combined into a string to serve as the
population individual of the genetic algorithm. Each value in the string is encoded using a 10 - bit binary code. The population
size can be set within the range from 30 to 60. The number of populations can be set as 3.

3.5.2. Population individual fitness function

The fitness value of a population individual serves as an important basis for evaluating the superiority of an individual
during the genetic - algorithm optimization process. Each individual in the population is decoded, and the decoded values are
assigned to a newly - created BP neural network. The hybrid - welding process parameters of groups 23 - 24, including blunt
edge (d/mm), welding gap (c/mm), notch angle (a/?), laser power (P/W), and welding current (I/A), are taken as inputs.
The calculated prediction - error results are used as the individual fitness, and the formula is presented in Formulas 3 and 4.

8:i|0“—0'2i|/2 (3)

i=23

fi =¢ (4)

where: f; is the fitness value corresponding to the individual and ¢, the prediction error of the corresponding neural network

i

after compiling the corresponding individual.
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3.5.3. MPGA optimization operator

3.5.3.1. Crossover operator and mutation operator

After calculating the fitness of each individual using the above formula, the crossover and mutation operators shown in
Figure 5 are applied to iterate over the individuals, ensuring the diversity of population individuals. The process of the
crossover and mutation operators is presented as follows. Commonly the crossover possibility and mutation possibility can be
respectively set with the range (0.6,0.7) and (0.01,0.05).

Crossover section 1 Crossover section 2
Parent1 (10010011000 101011 o11001000101100
Parent2 (1011010101100 T011001)...10000011001111101100 Mutational Site  Mutational Site Mutational Site Matagional Site
soes ] , ik !
variame  11H10101001001000100[ . 1if1toor1001fo0101100

Offspring1 [10010011000011010101/.../10101011001000101100

ofspring2 101101010 1Mo 11001 Mo 100t ironioo Rty G g peei oo e ol idiotortooifooterog

Figure 5. Flow diagram of crossover operator and mutation operator.

3.5.3.2. Immigration operator

In the optimization process of the multi - population genetic algorithm, the iterative optimization processes of each
population exist independently. However, the optimal individuals of each population can be exchanged via the transfer
operator. Based on the fitness value, the migration operator introduces the best chromosomes from a specific population into
other populations, thus realizing the exchange of chromosomes among populations. The migration operator can effectively
address the local - convergence issue and shorten the optimization time.

3.5.4. Genetic algorithm parameter settings

The genetic algorithm employs the genetic toolbox developed by Sheffield. In this toolbox, the codes for selection,
crossover, and mutation operations are all self - contained. The migration operator is independently developed by this project,
and the fitness function is independently compiled in accordance with Formulas 2 and 3. The population size and number of
populations determine the computational amount of which each computation represent a time of training of BP neural
network. Taking the computational amount and accuracy into account, the parameters are set as in Table 2.

Table 2. Genetic algorithm setting parameters of mechanical properties of welded joints.

Number of Population The accuracy requirement of the objective Crossover Mutation Selection
populations size function value possibility possibility parameter
3 50 0.01 0.7 0.01 0.9

4. Experimental Results

4.1. The topology structure of the prediction BP neural network

The input parameters of the prediction neural network are five hybrid welding process parameters (blunt edge height,
welding gap, welding angle, welding current, and laser power). So, the number of neurons in the input layer is 5. The output
parameter is the tensile strength of the welding joint, so the number of neurons in the output layer is 1. According to the
formula, we can calculate the number of neurons in the hidden layer, which is 11. The topology structure of the prediction
neural network is 5-11 - 1.

Based on the above - mentioned neural network topology structure, the numbers of connection weights between the
input layer and the hidden layer and between the hidden layer and the output layer are 5 x 11 = 55 and 11 x 1 = 11
respectively. The numbers of threshold values of the hidden layer and the output layer are 11 and 1 respectively. Table 3
shows the numbers of weight thresholds in the neural network.
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Table 3. Number of weight thresholds of neural network for tensile strength prediction of weld joints.

The number of connection weights The number of threshold values
between hidden and input layer  between hidden and output layer Hidden layer Output layer
55 11 11 1

Given that the length of the string consisting of weights and thresholds is 78, each individual thus forms a binary string
with a length of 780. As depicted in the figure below, bits 1 - 550 represent the decoding of the connection weights
between the input layer and the hidden layer, bits 551 - 660 represent the decoding of the threshold values of the hidden
layer, bits 661 - 770 represent the decoding of the connection weights between the hidden layer and the output layer, and
bits 771 - 780 represent the decoding of the threshold values of the output layer. The schematic diagram of individual
chromosome and MGPA population are shown in Figure 6 and 7.

| | \
f L ) [ \
1101101100.....1101010111 1011000100

The length of an individual chromosome is 780

Figure 6. Schematic diagram of individual chromosome in genetic algorithm.

~ First Population in GA ~ Second Population in MPGA ~
01011100 ........ 1011010011001110 01011100........ 1011010011001110
11011110......1101011011101010 11011110......1101011011101010
10011101.......1101101010001010 10011101 ........ 1101101010001010
10011101.........1101011010001010 10{)11101......4..1101011{)10001010
01011110........ 1101011011001010 01011110........ 1101011011001010
00011100.....1001011011001010 00011100........ 1001011011001010
\ 50 individual chromosomes \ 50 individual chromosomes

Figure 7. Schematic diagram of MPGA population initialization.

4.2. The training and testing of BP neural network
The training data of 22 groups of welding process parameters and tensile strength are shown in Table 4 below.

Table 4. The training data of the prediction neural network.

Serial  Weld blunt/mm Weld gap /mm Weld angle/° Weld current/A Laser power/W Tensile strength/KMpa

1 2.25 0.4 45 230 2500 1.1966
2 25 0.2 40 220 2400 1.3093
3 2.5 0.2 40 240 2600 1.2242
4 2.5 0.6 40 220 2600 1.0256
5 2.5 0.6 40 240 2400 1.1431
6 2.5 0.2 50 220 2600 1.2115
7 2.5 0.2 50 240 2400 1.099
8 2.5 0.6 50 220 2400 1.0983
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Table 4. Continued...
Serial  Weld blunt/mm Weld gap /mm Weld angle/° Weld current/A Laser power/W Tensile strength/KMpa
9 2.5 0.6 50 240 2600 1.0591
10 2.75 0.4 35 20 2500 1.1555
11 2.75 0.1 45 230 2500 1.0928
12 2.75 0.4 45 210 2500 1.1702
13 2.75 0.4 45 230 2300 0.7974
14 2.75 0.4 45 230 2500 1.0961
15 2.75 0.4 45 230 2500 1.1954
16 2.75 0.4 45 230 2700 1.2049
17 2.75 0.4 45 250 2500 1.117
18 2.75 0.7 45 230 2500 1.2404
19 2.75 0.4 55 230 2500 1.2828
20 3 0.2 40 220 2600 1.2583
21 3 0.2 40 240 2400 1.2187
22 3 0.6 40 220 2400 1.227

Matlab software was used to program and create the above BP neural network structure, and the training data
were imported into the neural network for training. The training regression fitting results were shown in the figure
below. The corresponding test error is calculated according to Formula 1, and the relative error is calculated as shown in
the following table.

0.67*Target + 1.2

Qutput ~

3.8

Lo
=2

w
'S

w
L]

28

26

24

O Data

2.4

286

28

Training: R=0.82811
T T T

!
3 3.2
Target

34

386

38 4

Figure 8. The training result of BP neural network.
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It can be observed from Figure 8 that the fitting effect of the BP neural network trained with the set parameters is less
than ideal, with the regression coefficient being only 0.82. The process parameters of the two selected groups of test samples
were input into the trained neural network to obtain the predicted tensile strength. Subsequently, the test error was
calculated by comparing the predicted values with the test data, as presented in Table 5.

Table 5. Prediction error table of BP neural network after training.

Serial Predicted tensile strength value / KMpa Tensile strength test value / KMpa Relative error / %
23 0.9593 1.0946 12.3
24 0.7695 1.1044 30.3

The prediction error of the two groups of samples is large, and the subsequent process parameter optimization study
cannot be carried out, so it is necessary to use a genetic algorithm to optimize the BP neural network.

4.3. Optimized BP neural Network Prediction Accuracy verification

After 40 generations of iterative optimization of all population individuals, the individual with the highest fitness 0.098
was obtained and selected as the weight - thresholds for the optimal tensile - strength prediction neural network model. The
weight - thresholds of the neural network topology were then assigned through decoding. The welding process parameters of
the remaining four groups of test samples were input into the optimized neural network to test its prediction accuracy. The
hybrid welding process parameters of these four groups of test samples are presented in Table 6. The presented welding
process parameters were input into the optimized neural network to obtain the corresponding predicted tensile - strength
values of the welded joints. Subsequently, the predicted tensile - strength values were compared with the tensile - strength
values obtained from the tensile tests, as shown in Table 7.

Table 6. Hybrid welding process parameters of four groups of test samples.

Serial Blunt height / mm Welding angel / mm Welding gap / mm Welding current / A Laser power / W
25 2.5 40 0.2 240 2600
26 2.5 40 0.6 240 2400
27 2.75 45 0.4 250 2500
28 3 40 0.6 240 2600

Table 7. Comparison of predicted and actual mechanical properties of the four groups of samples.

Tensile Strength /KMPa

Serial Relative error
Predicted Test
25 1.1751 1.2187 3.6%
26 1.1755 1.227 4.2%
27 1.141 1.0901 4.6%
28 1.1285 1.1812 4.4%

As can be observed from Table 7, the error accuracy between the predicted and measured values of the welded - joint
tensile strength is within 5%. Owing to certain inevitable errors, such as those in the welding test and the measurement of
tensile strength, it proves extremely challenging to acquire a globally optimal neural network model. Therefore, the optimized
neural network model can serve as a mapping model for welding process parameters and tensile strength. By inputting
different welding process parameters, the corresponding tensile - strength values can be obtained. Based on this, the
optimization of welding process parameters based on the tensile - strength mechanical properties of welds is carried out.

All 28 groups of welding parameters were input into the optimized neural network, and the corresponding predicted
tensile - strength values were obtained and compared with the values measured in the test, as depicted in Figure 9.
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Figure 9. Comparison of the measured and predicted tensile strength of the optimized model.

As can be observed from the figure above, among all samples, the prediction error of sample No. 18 is the largest. Its
error value is 0.07, and the relative error is 5.8%. Therefore, the optimized BP neural network exhibits high prediction
accuracy, with an error accuracy of less than 6%. Consequently, it can serve as a generalized mapping model for the
subsequent optimization of hybrid welding process parameters.

4.4. Influence of welding process parameters on mechanical properties

Mechanical properties are inherent characteristics of the material itself. Since the welding wire and the workpiece base
material are different, during the welding process, different welding parameters will cause the fusion ratio of the base material
within the weld (S base material /S weld) to vary. Different fusion materials will thus have different mechanical properties. The
variation tr end of the mechanical properties of the welded joint with the fusion ratio is shown in Figure 10.

1.4

1.3

Tensile strength
s = i

S
©

0.81

L

0.7 . . . . .
0.52 0.54 0.56 0.58 0.6 0.62 0.64 0.66

Serial number of welding test
Figure 10. Schematic diagram of the change of tensile strength with the material fusion ratio.

It can be seen from Figure 8 that the tensile strength mechanical property parameters of the fusion ratio between
0.52 and 0.55 and between 0.59 and 0.65 change almost synchronously with the increase of the fusion ratio, and the
change trend is opposite between 0.55 and 0.59. In order to obtain good comprehensive mechanical properties, it is
necessary to optimize the research according to the tensile strength prediction model to obtain the optimal combination of
hybrid welding process parameters.
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5. Maximum Tensile Strength Optimization Model and Test Verification

Based on the above - optimized BP neural network prediction model, optimizing the welding process parameters, namely
blunt edge height D, welding gap d, welding Angle a, laser power P, and welding current | is a multi - parameter optimization
problem. In this paper, GA is employed to optimize the hybrid welding process parameters. This algorithm simultaneously
adopts multiple independent approaches with different evolutionary mechanisms and conducts the migration of excellent
individuals among different populations, which can effectively mitigate the contradiction between individual diversity and
convergence within populations. The algorithm features good global search ability, high optimization speed, and strong
adaptability in a dynamically changing environment.

5.1. Optimization model of maximum tensile strength process parameters

y = max(o) (5)
o=f(x) (6)
x=(D,d,a,P,I) (7)
x=L(x) (8)

where: X is the welding process parameter of laser arc hybrid welding, o is the tensile strength of welded sample, f is the
“virtual” function of neural network model optimized by genetic algorithm; L Is the selection range of welding process
parameters.

GA was used to optimize the combination of welding process parameters with the objective function shown in Formula 5. Set
optimization variables as blunt edge (D/mm), welding gap (d/mm), welding angle (a/?), laser power (P/W), welding current
(1/A) with the range shown as Formula 8: D € [2,4]/mm,D € [2,4]/mm,a € [30,60]/°,P € [2300,2800]/W.,I € [200,280]/A.
The tensile strength is set as the fitness value of a individual, which can be calculated with Formulas 6 and 7. The welding
process parameters were optimized through the above optimization model, and the optimization iteration process was shown
in Figure 11. The optimized maximum tensile strength value and corresponding hybrid welding process parameters were
compared with the welding process parameters that obtained the maximum tensile strength in 28 groups of orthogonal hybrid
welding tests shown in Table 8.
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Figure 11. Iterative process diagram of tensile strength optimization.
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Table 8. Comparison of optimal tensile strength between orthogonal test and the proposed method.

Blunt height Welding angel Weldinggap  Welding current  Laser power  Tensile strength

Optimization method

d/mm a/e c/mm I/A P/W o/KMPa
orthogonal test 2.5 40 0.2 220 2400 1.309
Method proposed in paper 3.1 51 0.37 200 2700 1.441

5.2. Hybrid welding test with optimal welding process parameters and numerical verification of tensile strength

Through the optimization of welding process parameters, the welding parameters that result in the maximum tensile
strength are as follows: a blunt edge of 3.1 mm, a welding angle of 519, a welding gap of 0.37 mm, a welding current of 200 A,
and a laser power of 2700 W. First, a high - strength steel plate with dimensions of 150 mm x 30 mm x 7 mm is obtained by
wire cutting. Then, the steel plate is processed according to the optimized welding angle and the height of the blunt edge. The
cut steel plate is installed on the self - designed welding test platform. The welding current of the welding machine is adjusted
to 200 A, the laser power is set to 2700 W, and the gap between the two plates is adjusted to approximately 0.37 mm. The
KUKA robotic arm is set to determine the welding path and welding height for the welding test, and the welding sample shown
in the following figure is obtained. The welding template is cut on the wire - cutting machine into the shape specified for the
tensile test. After grinding, the smooth - surfaced tensile test sample and its cross-sectional diagram of the welded specimen
are finally obtained shown in Figure 12.

The data during the tensile-test process were meticulously recorded, as depicted in Figure 14 below. The curve graph can
show the deformation displacement of the specimen as the tensile force increases. The tensile force at the moment when the
specimen fractures is the maximum tensile strength of the specimen. Upon examining the graph, it was evident that the
specimen underwent fracture when the maximum deformation displacement reached approximately 1.43 mm. Concurrently,
the tensile strength at this critical point was measured to be 1.35 KMPa. The experimental findings demonstrate that the
process-parameter optimization approach grounded in tensile strength can remarkably enhance the mechanical properties of
the welded specimens.

Figure 12. The welding sample with optimized welding parameters.
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The smooth-face tensile test specimen is fixed on the tensile test platform to have the tensile test. The pictures of the
specimens during the test and after the test are shown in Figure 13.

Figure 13. The pictures of tensile test and the specimens after the tensile test.
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800)
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Tensile strength (Mpa)

400
200

02 04 06 08 1 12 14 16
Tensile displacement (mm)

Figure 14. Tensile strength test data recording diagram of welded sample.

6. Conclusions

(1) This paper employs the multi - population genetic algorithm to decode and optimize the initial weight thresholds within the
BP neural network. As a result, a BP neural network prediction model with relatively high precision for laser - arc hybrid
welding process parameters and welded - joint tensile strength can be obtained. Experimental results demonstrate that the
error accuracy between the tensile strength of the welded joint predicted by the optimized neural network model and the

measured value is less than 6%.

(2) In this paper, the tensile strength of the welded joint is taken as the objective function for the optimization of laser - arc
hybrid welding process parameters, and the genetic algorithm is utilized to optimize the combination of hybrid welding
process parameters. Through experiments, the tensile strength reaches 1.35 KMPa, which is significantly higher than the
maximum tensile strength of 1.309 KMPa in the 28 - group orthogonal tests. Consequently, optimizing the welding

process parameters based on the tensile strength of welded joints is of great practical significance.
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