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In recent years, the speed of modernization construction in China has been exponentially growing. �e trend of high parameters,
large capacity, and large-scale development of the welding structure has been promoted. It needs higher requirements on the type
and quality of the welding materials. Most of the welding materials are imported to China. �e main reason is that China still
follows the traditional design method. �e quality of the welding materials is also low. �e design of metal welding materials
involves many factors and properties. �ere is no �xed-function relationship between the properties and components of the
welding materials.�is makes it di�cult to design metal welding materials.�e emergence of neural network algorithms provides
a new way to analyze the weldability of metal materials. In this paper, BP (backpropagation) network is used to analyze the welding
performance of metals. �e tensile test of welded joints is carried out through training test samples. �e results show that the
tensile strength and yield strength of metal materials are about 500MPa (megapascals) and 400MPa, respectively. For further
analysis of the in�uence of welding current, electrode pressure, and power-on time on the tensile and shear strength of metal
materials, a shear test and tension test were used. With the increase of welding current, the shear strength of spot welding
continuously increased. When the welding current was 10,000A (Ampere), the shear strength decreased rapidly from 24.25MPa
to 18.84MPa. After prolonging the welding time, at �rst, both tensile strength and shear strength increase and then decrease.
When the welding pressure increases from 32psi to 48psi, the tensile strength increases from 16.47MPa to 24.52MPa and then
decreases continuously to 17.26MPa, whereas the shear strength decreases �rst and then increases.

1. Introduction

In today’s production, ARC welding technologies play a
critical role. Despite the ubiquitous use of arc welding to
combine metals, the human welder still needs extensive skills
and expertise to regulate most welding operations. Total
welding automation has yet to be realized, owing to a lack of
understanding and quanti�cation of the physics that govern
the performance of any welding process. In terms of metal
material welding, it is a process of sculpting and joining
metals. During the welding process, the material is produced
bymelting or not the workpiece to the solder but they are used
to join to the weld.�is process also requires a certain amount
of pressure to be applied to ensure the joining of the solder [1].

�e total size of the molten weld bead is one of the most
important features of the weld itself. Certain geometric

characteristics, such as crown width, root width, and pen-
etration, are only a few of the criteria that should be
monitored during the procedure. Other characteristics that
may be measured to a lesser extent, such as overall weld look
and the absence of discontinuities, should be managed in the
end. In order to ensure the welding e¢ect, factors such as the
welding process, the hardness of the welding material, and
the surrounding environment are analyzed. However, at the
same time, the spot welding strength will be a¢ected by the
change in the welding electrode voltage, current, and power.
To solve this problem, a neural network algorithm is used to
analyze the welding performance of metal materials. Arti-
�cial neural network (ANN) develops rapidly and is widely
used in various �elds. In this paper, ANN is used to analyze
the welding performance of metal materials. �e tensile test
is used to judge the tensile strength and yield strength of
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metal welding wires. Data collected during the welding
process are analyzed by ANN to judge the quality of welded
joints.

+e main innovations in this research process are as
follows:

(i) First, the basic concepts of the artificial neural
network algorithm are explained, then the BP
network model is established, and the calculation
process and basic structure of the algorithm are
described in detail.

(ii) Based on the artificial neural network (ANN) to
analyze the welding chemical composition of metal
materials, through collecting learning samples and
processing sample data, the tensile test of metal
materials’ welded joints is completed based on
statistical data. +e test results show that the tensile
strength and yield strength of welded joints filled
with the same composition of wire are 500MPa and
400MPa, respectively.

(iii) Furthermore, digitized weld bead profiles derived
from a laser-based bead surface scanner now in use
at NASA were analyzed using artificial neural
networks. +e networks gave a better way of de-
termining the placement of important bead prop-
erties including the crown, undercuts, and edges
automatically.

+e rest of the research paper is structured as follows;
Section 2 explains the related work. It is being followed by
Section 3 which explains artificial neural network algo-
rithms. Similarly, Section 4 elaborates an analysis of the
welding performance of metal materials based on a neural
network. Finally, welding performance result analysis and
concluding remarks are described in Sections 5 and 6,
respectively.

2. Related Work

Presently, the artificial neural network has been widely used
in the field of welding. Among these, the most common
applications are in the design of welding parameters, pre-
diction of weld joint performance, control of spot welding
quality, prediction of HAZ performance, and tracking of the
weld seam. +e results are also remarkable [2]. Some UK
welding research institutes and units have introduced ar-
tificial neural network technology into the welding process.
Plonis experts study the neural network technical support
required for welding engineering and formulate corre-
sponding neural network software packages for different
production condition manufacturers. Mahmud’s scholars
point out that weldability is used to indicate whether steel
can adapt to the welding processing to produce weld joint
characteristics with ideal performance and no defects. +ese
include weld joint mechanics and resistance of steel to weld
cracks [3]. Tagiltsev et al. welded T-type joints using low-
temperature phase-change welding wire. +e results show
that the angular distortion of this low-temperature phase-
change welding joint is smaller than the normal welding wire

joints [4]. Sahaet al. have studied the distribution of residual
stress in welds and proposed that ideal residual stress dis-
tribution can be found in welded structures when the initial
temperature of wire phase transformation is maintained at
200 C. Govindan et al. explore AZ31 (alloy) B magnesium
alloy sheet by TIG (tungsten inert gas) welding. He focused
on the analysis of the factors leading to defects in AZ31B
(alloy) magnesium alloy TIG welded joints and summarized
somemeasures to deal with the defects [5]. Chen et al. deeply
analyzed the susceptibility of solidification cracks in AZ31
magnesium alloy weld by TIG welding. Using AC/DC TIG
welder as the welding equipment, the susceptibility analysis
of cracks is affected by pulse frequency [6]. Ren et al. found
two main factors the wire feed speed and heat input during
MIG (metal inert gas) welding of magnesium alloy affecting
the macro-surface forming of the weld [7]. Xu K W et al.
explore various factors that affect the weld performance of
AZ31 magnesium alloy plate welded by MIG. In this ex-
periment, AZ31 is selected as the welding base material, and
MIG is welded by a DC power source. AZ61 (alloy) is filled
with metal. +e welding speed is 3M per minute. +e results
show that the MIG welding speed and current have a direct
impact on the macro-surface formation of AZ31 magnesium
alloy sheet weld. +e tensile strength of the welded joint is
about 98% compared with the base metal. Feng et al. studied
the effect of surface treatment on the performance of welded
joints of AZ31 B magnesium alloy by ultrasonic welding. A
large number of surface treatment comparisons were used
during this experiment. Mg(OH) film was formed on the
surface of AZ31B magnesium alloy after alkaline washing.
+e peeling occurred as a result of the welding procedure. It
caused the structure and functioning of the joints to dete-
riorate.+eMg(OH)2 film layer can be cleaned with a mixed
acid solution to enhance the welding effect [8]. Chen et al.
found that analysis of mechanical properties of friction stir
welded joint of AZ31 magnesium alloy shows that the tensile
strength of friction stir welded joint is 90% of the base
material [9].

3. Artificial Neural Network Algorithms

In this section, first, we will discuss the artificial neural
networks and its main characteristics. After that, BP neural
model is explained along with a diagram. Finally, BP neural
network learning algorithm is briefly explained. +e ex-
planation is as follows.

3.1. Artificial Neural Network. +e artificial neural network
has a sample processing unit. It collectively completes the
work. Its storage mode and information transmission mode
are similar to the neural network. However, it lacks modern
computer units, such as memory, an arithmetic unit, and a
controller. It is formed by combining processors with the
same function [10]. An artificial neural network saves in-
formation on different unit connections. Compared with
modern computers, it belongs to a completely different
system that fully absorbs the advantages of a biological
neural network. Its main characteristics are as follows:
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(i) +ere are a large number of smaller processing units
on the artificial neural network. +e function of
each unit is simple. +e expected recognition effect
and calculation speed determined by combining
these processing units are greatly improved.

(ii) Artificial neural network has strong fault tolerance.
Even if some local neurons are damaged, it will not
interfere with the overall activity.

(iii) Each neuron saves all the information memorized
on the neural network on the right. If one views a
single right, one cannot see the information saved
on it. It adopts the distributed storage mode.

(iv) +e learning ability of artificial neural networks is
strong. +e connection structure and right on the
artificial neural network can be obtained by using
the learning method.

3.2. BP Neural Network Model. BP network is a multilayer
feedforward neural network using the error back-
propagation algorithm. Figure 1 shows the structure of the
BP network. Its components include a hidden layer, input
layer, and output layer. +e neurons of each layer are
connected with all neurons on the lower layer, and the
direction of information flow is indicated by arrows [11]. In
the learning process, the network is used to return infor-
mation and update the connection strength. +e remarkable
feature of the neural network model is that no feedback is
used to connect each layer of neurons. Also, there is no
connection between neurons in each layer. +ere are only
adjacent neurons connected.

+e basic principle of the BP algorithm is to divide the
learning process into two parts by using the idea of an error
backpropagation algorithm. +e first is the forward prop-
agation process, while the second is the backpropagation
process. After a group of network input values is determined,
the input layer performs weighting processing and transmits
them to the hidden layer. +e activation function on the
hidden layer processes them as the input on the output layer.
After the processing by the activation function on the output
layer, the corresponding network output is obtained. +is
process needs to be updated layer by layer as it belongs to
forward propagation.

3.3. BP Neural Network Learning Algorithm. In this section,
the process and structure of the BP neural network learning
algorithm are explained. +e explanation is as follows.

3.3.1. BP Neural Network Learning Algorithm Process. If the
output vector d and the input vector x are fixed, the BP
algorithm operation can be completed according to the
following process:

(i) Submit information to the network input layer and
obtain the y output vector in the output layer
through forwarding propagation. In the process of
continuing to propagate information in the

network, it is necessary to clarify the sum of its input
It and output state xt to all neurons on the network.

(ii) Calculate the weight correction amount and local
error value of all neurons on the output layer.

(iii) Accumulate the modified weights on the previous
corresponding weights to effectively update each
weight in the network. In the above process, the
basic computer system of the BP neural network is
defined. Different layers on the network are used to
propagate to the output layer. +e output process is
where the error analysis takes place. +e error is
then sent through the network from the output layer
to the input layer. +e algorithm box is shown in
Figure 2.

3.3.2. BP Neural Network Structure. +is paper uses the
backpropagation algorithm to establish the model. +e
structure is composed of three layers, namely, the output
layer, input layer, and hidden layer.+ere are three nodes on
each input layer and one node on the output layer.+e nodes
on the hidden layer are identified through the training
network. In this paper, BP neural network is used to establish
a model to analyze the welding direction of metal materials.
+e network structure is named ED-BP neural network. +e
inputs of different neurons in the hidden layer of the column
are as follows:

Ii � 
n

j�1
Wijxj, (i � 1, . . . , m; j � 1, 2, . . . , n). (1)

+e following are the outputs of different neurons on the
hidden layer:

Ot � f It(  �
1

1 + e
− 1, (i � 1, ......, m). (2)

+e neuron output on the output layer is the network
output:

y � 
m

i�1
OiVi, (i � 1, . . . . . . , m). (3)

S

.

.

. .
.

input layer Hidden layer Output layer
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…

Figure 1: BP network structure diagram.
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+e weight connecting the input layer and the hidden
layer is represented by Wij. +e weight connecting the
hidden layer and the output layer is represented by Vt. +e
following is the calculation formula of sigmoid function:

f(x) �
1

1 + e
− x, (0<f(x)< 1). (4)

Most of the constructed networks are single output and
multiple input. It is assumed that the learning samples are
represented by the following:

x1p, x2p, . . . , xnp; tp , (p � 1, 2, . . . , p), (5)

where p is the number of samples.
+e network output error is represented by

dp � tp − yp. (6)

+e error function calculated by the above formula is as
follows:

Ep �
1
2

tp − yp 
2
. (7)

Assuming that p is the learning sample, the elements in
Δw are as follows:

ΔVt � ηdp

zyp

zVt

� ηdpf′ yk( Oip � ηdpOip. (8)

Assumed input node error:

δk � dpf′ yk( . (9)

+en,

ΔVI � ηδkOip. (10)

If the hidden node error is

δt � δkVtf′ It( . (11)

then

ΔWtJ � ηδtxJP. (12)

After iterative calculation,

WtJ
(n)

� η
zEp

zWij

+ αΔWij
(n− 1)

,

ΔVi
(n)

� −η
zEp

zVi

+ αΔVi
(n− 1)

.

(13)

Complete the forward and reverse calculations using the
above method after identifying the network structure.

4. Analysis of Welding Performance of Metal
Based on Neural Network

+is paper studies the welding performance analysis of the
metal-based neural network. +e filler metals selected in
various welding methods are mainly welding materials. +e
metallurgical operation in different stages of the welding

process is realized through welding materials [12]. During
manual arc welding, part of the welded metal and the
electrode melt is under the action of the high heat of the arc.
Under the influence of the arc blowing power, the welded
metal creates a molten pool on the surface. After melting, the
electrode progressively transfers to the molten pool. During
the melting of the electrode coating, some liquid slag and
protective gas will be generated. +e generated gas will be
filled near the molten pool and arc. It has the function of
isolating the atmosphere. +rough analysis, it is concluded
that the electrode has a direct impact on the stability of the
welding arc, mechanical properties, and chemical compo-
sition of the weld. Hence, it is concluded that the quality of
the weld directly determines the quality of the electrode.

4.1. Analysis of Welding Chemical Composition of Metal
Materials. +e main function of the welding core in the
welding process is that the conduction of the welding
current generates a large amount of arc.+e second step is to
melt the welding core into the filler metal and then fuse the
easily melted metal to form the weld. In the process of
manual arc welding, the proportion of core metal on the
weld metal reaches 50% to 70%. Hence, the performance and
chemical composition of the core have a decisive impact on
the weld quality. +e chemical composition of common
welding steel wire is listed in Table 1 (%).

In the process of metal welding, the quality of electrode
will be assessed from the following three aspects:

(i) Intrinsic Properties: It refers to the elongation,
strength, and low-temperature impact toughness.

(ii) Appearance Quality: It is top, eccentric, but not
dried or bent.

(iii) Welding Process Performance: It is arc stabilization,
arc striking, and slag removal.

+e actual operation skills of workers and the rationality
of the production process directly determine the appearance
quality. However, the welding process performance is based
on the components in the welding equipment, electrode
coating formula, welder experience, and technology. +e
reasonable electrode formula directly determines the in-
ternal performance of the electrode.

4.2. Neural Network Learning Sample Collection. When
analyzing the welding performance of metal based on an
artificial neural network, the sample data are collected first. A
sample contains a set of input and output data. In this paper, a
total of 270 groups of test sample data are selected, of which
180 groups are selected to build a model to complete the
training operation and build a network layer weight coefficient
matrix to quickly process the sample data. 90 groups were
randomly selected as a batch, and the other 90 groups tested
the generalization mapping ability of the network model.

4.2.1. Collect Learning Samples. According to the above
research, it is found that the content of Mn and C in welding
rods directly affects the tensile strength of the metal. +e
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content of C in synthetic rutile, ferromanganese, and re-
duced pyrite should be analyzed in the total content of C in
the peel component. +e Mn in the flux cover and the iron-
carbon-manganese in the core are transformed into Mn in
the metal. +e proportion of Mn in the core transition
reaches 70%, and the remaining 30% is included in the
transitional Mn in the iron-carbon-manganese.

x1 � Ctotal% � 70% × a + 30% ×(b + c + d),

x2 � Mnx% � 70% × u,

x3 � Mny% � 30% × z.

(14)

Formula a indicates the content of C in the core. Sim-
ilarly, b indicates the content of C in ferromanganese and
carbon in the peel; c indicates the content of C in synthetic
rutile; d indicates the content of C in reduced ilmenite; u
indicates the content of Mn in the core; z indicates the
content of Mn in FERROCARBON and manganese. x1
represents the total content of C in the electrode. x2 indicates
the content of Mn in the converted core. x3 indicates the
amount ofMn in the translated drug.+e three inputs on the
network are represented by x1, x2, and x3, respectively.

4.2.2. Data Processing of Samples. An artificial neural net-
work can only represent input data in numerical form. To
code or transform external information, it is necessary to set
the input information scale to a certain interval. Referring to
the above formula to get the expected network output and
x1, x2, x3, in this paper, the sigmoid function is selected as
the excitation function of neurons in the network. It can
make full use of the characteristics of sigmoid function, exert
the nonlinear characteristics of network neurons, and
normalize the learning samples so that all data can be taken
in [0,1] intervals. +e following is a detailed process.

+e sample data are represented by

xp(p � 1, 2, . . . , P). (15)

By defining xmin � min xp , xmax � max xp , the nor-
malization calculation is completed by the following
formula:

xp − xmu + u

xmax − xmin + u
⇒xp(0< u< 1). (16)

After transforming the sample data in the range of 0–1,
the network input data can be normalized. +e normali-
zation of the network output data can be completed by using
formula (16). +e smaller number is selected as the con-
nection right of network W. +erefore, the network will not
overflow. +e learning samples used in web-based learning
are normalized. When using the network detection after
learning, the same data should be used to transform the real
data as the network input data. At the same time, the

Table 1: Chemical composition of common welding steel wire (%).

Brand C Mn Si Cr Ni Cu S P
H08 ≤0.1 0.3–0.55 ≤0.03 ≤0.2 ≤0.3 ≤0.2 ≤0.04 ≤0.04
H08A ≤0.1 0.3–0.55 ≤0.03 ≤0.2 ≤0.3 ≤0.2 ≤0.03 ≤0.04
H08e ≤0.1 0.3–0.55 ≤0.03 ≤0.2 ≤0.3 ≤0.2 ≤0.03 ≤0.04

Initialize the

Given the output vector and the
target output

�e neuron output of hidden layer and output layer is
calculated

Find the error between the target
value and the actual output e

E Whether the
requirements are met

Y All E's meet the
requirements?

�e
end

�e hidden layer neuron error is
calculated

Find the error gradient

Right to learn

N
N

Y

Figure 2: BP neural network algorithm process.
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network output data and the restoring calculation are also
calculated. +e following are the restoring calculation
formulas:

xp xmax − xmin + u(  + xmin − u⇒xp. (17)

4.3. Tensile Test. +e tensile test is the most widely used
method to analyze the mechanical properties of welded
joints of metal materials. A large amount of data for eval-
uating the properties of welded joints can be calculated using
the weld tensile test [13]. In this paper, WE-600 hydraulic
universal testing machine is selected as the tensile test
equipment. +e sample size of the tensile test is determined
according to the GB2651-2008 sampling standard formu-
lated by the state for the weld tensile test. It is shown in
Figure 3.

5. Welding Performance Result Analysis

In this section, the experimental results of welding tension
are explained in order to analyze the tensile strength test
results. It is being followed by the analysis of influencing
factors of metal material welding. +e explanation is as
follows.

5.1. Experimental Results of Welding Tension. In this paper,
the weld properties of metal materials are analyzed based on
the artificial neural network. +e tensile properties of metal
materials are judged by tensile tests.+e fracture positions of
weld joints obtained by low-temperature phase-change
welding wire and homogeneous weld during tensile tests are
base metal. +e results of tensile strength tests of metal
materials are listed in Table 2. +e postwelded joints of low-
temperature phase-change welding wire have higher tensile
strength than those filled with the same quality wire. +e
basic principle of equal strength matching can be observed
during welding.

+e tensile properties of the welded joints measured in
the table above show that the strength of the weld metal is
higher than the base metal. All the fracture surfaces are at the

base metal in the heat-affected zone. +e tensile strength of
welded joints with the same filler wire composition is about
500MPa, the yield strength is about 400MPa, the yield
strength of low-temperature phase-change welded joints is
between 470 and 520MPa, and the tensile strength is be-
tween 540 and 580MPa. +e welding process adopts the
near-strong matching mode.

5.2. Analysis of Influencing Factors ofMetalMaterialWelding.
+e main factors affecting the welding quality of metal
materials are electrode pressure, welding current, and en-
ergizing time. Welding current is the nugget produced by
thermal capacity during spot welding. If the welding current
is small, enough heat will lack in the welding area. +is will
affect the strength of the spot welding. Excessive welding
current causes high heat. It results in distortion of the
welding area and a large number of bubbles generated by
molten metal splashing. Increasing the prepressure of
welding can keep the resistance of the welding area even. It is
convenient to prevent local overheating. If the welding
pressure is low, local heat will be too high resulting in the
splashing of molten metal in the weld joint forming cracks
and bubbles. Higher pressure reduces contact resistance,
increases indentation, and interferes with weld strength.
Another influencing factor of spot welding is power-on time.
A lot of heat is wasted if the power-on time is too long. It will
modify the spot welding substance. Short energizing time
will result in insufficient welding and reduced weld strength.

In this paper, the shear strength and tensile strength of
weld joints are tested by the shear test and tensile test.
Different electrode pressures, welding current, and ener-
gizing times are set. +e influence of these parameters on the
tensile strength and shear strength of spot welding is ana-
lyzed [14]. Figure 4 shows the change curve of tensile and
shear strength of spot welding after changing the welding
current.

+e welding pressure set in Figure 4 is 40 psi, i.e.,
0.2758MPa with the welding time of 0.2 seconds. +e
welding current rises from 8000-12000 A in order to analyze
the change of tensile strength and shear strength of spot
welding. According to the data in the figure, the spot welding
strength increases continuously with increasing welding
current. +e tensile strength of spot welding increases
rapidly when the welding current is higher than 10000 A and

Figure 3: Tensile specimen of welded joint.

Table 2: Tensile strength test result (MPa).

Sample +e yield
strength

Tensile
strength

Fracture
location

LTT1 467.5 539 Parent metal
LTT2 487 538 Parent metal
LTT3 517 580 Parent metal
Homogeneous 406 494 Parent metal

Curve of tensile and shear strength of spot
welding with welding current
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Figure 4: Change curve of tensile and shear strength of spot
welding after changing welding current.
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increases slowly when the current is less than 10000A. +e
shear strength of spot welding decreases rapidly from
24.25MPa to 18.84MPa when the spot welding current is
higher than 10000A.

+e data shown in Figure 5 are 10000 A welding current
and 0.2S welding time, and the welding pressure is
1psi� 0.006895MPa. +e trend of shear strength and tensile
strength of spot welding is analyzed when the welding
pressure increases from 32-48 psi. +e welding pressure is
increased from 32 psi to 40 psi, and the tensile strength is
increased from 16.47MPa to 24.52MPa.+e tensile strength
continues to decrease with increasing welding pressure and
decreases to 17.26MPa at 48 psi. On the contrary, the shear
strength decreases to 82.36MPa at 40 psi welding pressure
and 93.14MPa at 48 psi welding pressure.

+e influence of changing the spot welding time on
tensile and shear strength is tested. +e welding pressure is
set at 40 psi, and the welding current is 10000 A. +e
corresponding change of spot welding tensile and shear
strength is shown in Figure 6, and 1 CT is equal to 0.02s.
Analysis of the above-broken line diagram shows that the
tensile and shear strengths reach the highest when welding
time is 11 CT, 17.78MPa, and 84.12MPa, respectively.

Overall, the tensile and shear strengths increase and decrease
first with the prolongation of welding time.

6. Conclusions

Artificial neural networks are strong tools for analysis,
modeling, and control applications, according to the tests
and research conducted for this study. +ey are especially
appealing because of their ability to interpret nonlinear and
noisy input, learn from actual welding data, and execute at a
fast rate. All of the topics investigated in this study appear to
have a lot of promise for practical applications. However, it
has a little application in metal material welding. Only a few
scholars have studied it. Based on the advantages of artificial
intelligence technology, this paper makes full use of the
characteristics of this algorithm in the analysis of the welding
performance of metal materials. +rough in-depth analysis
of the calculation process and the basic structure of artificial
intelligence algorithm, it builds an artificial algorithmmodel
which uses shear test and tensile test methods to test shear
strength and tensile strength of welded joints by setting
different welding times and welding pressure.+e test results
show that the tensile strength increases continuously with
the increase of welding current. When the welding current is
10000A, the shear strength of spot welding decreases rapidly
from 24.25MPa to 18.84MPa. Similarly, tensile strength and
shear strength increase and decrease at first when prolonging
welding time. When the welding pressure changes in the
range of 32 psi-48 psi, the tensile strength increases from
16.47MPa to 24.52MPa and then decreases to 17.26MPa.
+e shear strength is the opposite, decreasing first and then
decreasing again [15–20].
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