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Abstract: X80 pipeline steel is widely used in oil and gas pipelines because of its excellent
strength, toughness, and corrosion resistance. It is welded via gas metal arc welding
(GMAW), risking high cold crack sensitivities. There is a certain relationship between the
joint hardness and cold crack sensitivity of welded joints; thus, predicting the joint hardness
is necessary. Considering the inefficiency of welding experiments and the complexity of
welding parameters, we designed a set of processes from temperature field analysis to
microstructure prediction and finally hardness prediction. Firstly, we calculated the thermal
cycle curve during welding through multi-layer welding numerical simulation using the
finite element method (FEM). Afterwards, BP neural networks were used to predict the
cooling rates in the temperature interval that ferrite nuclears and grows. Introducing the
cooling rates to the Leblond function, the ferrite fraction of the joint was given. Based
on the predicted ferrite fraction, mapping relationships between joint hardness and the
joint ferrite fraction were built using BP neural networks. The results shows that the error
during phase fraction prediction is less than 8%, and during joint hardness prediction, it is
less than 5%.

Keywords: X80 pipeline steel; multi-layer welding numerical simulation; BP neural
network; phase fraction prediction; joint hardness prediction

1. Introduction
X80 pipeline steel has gained significant attention for its exceptional strength, tough-

ness, and corrosion resistance, making it the material of choice for constructing oil and
gas pipelines worldwide [1–3]. The high performance of X80 steel in such demanding
applications is critical, particularly in areas prone to harsh environmental conditions [4].
However, welding this material, typically through gas metal arc welding (GMAW), presents
challenges due to its high sensitivity to cold cracking, which can significantly compromise
the integrity of the welded joint [5].

The relationship between joint hardness and the cold crack susceptibility of welded
joints has been well documented [6]. Therefore, accurately predicting the hardness of the
weld is of paramount importance for ensuring the reliability and durability of welded
pipeline joints. Traditionally, experimental methods have been employed to determine
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joint hardness, but these approaches are not only time-consuming but also costly, given the
multitude of welding parameters involved [7].

In response to these challenges, some scholars have carried out related research in
the field of hardness prediction. Vignesh et al. [8] predicted the hardness of magnesium
alloy by establishing a finite element model. The prediction process is to simulate the
Rockwell hardness measurement process. The hardness of the material can be obtained by
inputting the corresponding material and indenter parameters. Murali et al. [9] conducted
a large number of friction stir welding experiments and obtained a large amount of joint
data on friction stir welding by changing the process parameters. After summarizing the
data, the prediction model of the friction stir welding of the material from the process
parameters to the joint performance was obtained. Guo et al. [10] realized the prediction
of hardness based on the microstructure and composition of high-entropy alloys. This
method can be used to predict the hardness and other properties of high-entropy alloys
with known components. Almeida et al. [11] used a combination of optical parameters and
neural network training to realize the hardness prediction of ore. Kasuya et al. [12] studied
the relationship between Ac1, Ac2 values and HAZ hardness in the heat-affected zone of
the weld and finally obtained an empirical equation to predict the decrease in tempering
hardness and the change in precipitation hardness.

However, the existing research has mainly focused on modeling specific processes
related to the evolution of the microstructure in the weld joint. In actual welding, joint
hardness is essentially influenced sequentially by the welding process temperature field
microstructure hardness [13–16]. Moreover, in industrial production, joint hardness is
typically adjusted by altering the welding parameters. Directly establishing a mapping
relationship between welding parameters and joint hardness may neglect the impact of the
temperature field and microstructural changes, which limits the scalability and applicability
of prediction models [17–19].

On this basis, this study propose a comprehensive approach that integrates process
simulation, microstructure prediction, and machine learning techniques to predict the
joint hardness of X80 steel welded joints. This methodology provides a more efficient and
accurate alternative to traditional experimental procedures. Initially, the thermal cycle
during the welding process is analyzed through numerical simulation using the finite
element method (FEM). The resulting data provide critical insights into the temperature
distribution and cooling rates, which are pivotal in determining the resulting microstructure
of the weld.

To further enhance the predictive accuracy, we employ backpropagation (BP) neural
networks to model the cooling rates within the temperature range that influences ferrite
nucleation and growth. These cooling rates are then incorporated into the Leblond function
to estimate the ferrite fraction of the welded joint. Finally, the relationship between joint
ferrite fraction and hardness is established using BP neural networks, providing a robust
tool for predicting the hardness of X80 steel welds.

The proposed approach offers a promising solution for reducing the reliance on
experimental trials, thereby accelerating the development of high-quality welded joints in
pipeline applications. Additionally, the welding process temperature field microstructure
hardness sequential prediction network has strong scalability. It can be extended to different
application scenarios by modifying a specific sequential model.

2. Problem Formulation
To predict the hardness of the joint, empirical formula methods can be used, or a

nonlinear mapping relationship between the joint hardness and the upper-level factors
can be established using artificial neural networks. However, most empirical equations
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currently require material constitutive parameters, which are often difficult to measure.
Therefore, constructing an artificial neural network is a feasible approach [7]. Considering
that welding process parameters affect the welding thermal cycle, which in turn influences
the joint microstructure and subsequently the joint hardness, the network construction
can take into account the establishment of a process thermal field microstructure hardness
cascade network.

The composition of the overall prediction network is discussed in a bottom-up manner.
The acquisition of microstructure information is considered firstly. Common methods
for acquiring microstructure information include analytical methods such as the Leblond
function and JMA-K equation [20,21], as well as numerical methods such as Monte Carlo
simulations [22], cellular automata [23], phase field methods [24], and molecular dynamics
simulation [25]. Given the need for network efficiency, it is appropriate to use analytical
equations to solve for microstructure information. Among these, the Leblond function is
based on the Continuous Cooling Transformation (CCT) curve and is an iterative calculation
function for phase fractions [26,27], while the JMA-K equation provides an analytical
expression for phase fraction variation with time under isothermal conditions. Since phase
transformation in welded joints typically occurs under rapid cooling conditions, this study
prefers to use the Leblond function, which is based on continuous cooling kinetics, to solve
for phase fractions.

The prediction of joint microstructure fractions relies on the temperature field infor-
mation of the welding cooling process. In most studies, temperature field information can
be obtained using thermocouples. However, for welding processes, especially at the weld
seam location, which involves solid–liquid–solid phase transitions, it is difficult to fix the
thermocouple, making temperature field measurements challenging. A reliable solution
is to combine the finite element method (FEM) to calculate the welding temperature field,
then compare the temperature field calculation results from the heat-affected zone with
experimental results. Based on this comparison, the temperature field at the weld seam
location can be extracted.

However, for each welding process, if the finite element method (FEM) is used to
calculate the temperature field (which can be replaced by the thermal cycle curve in
welding), the time cost is quite high. Therefore, using existing samples and combining
machine learning techniques to predict the thermal cycle curve under varying process
conditions is clearly a more efficient and optimal choice.

To summarize the above problem formulation, we propose the prediction network
shown in Figure 1. First, the welding thermal cycle curve is calculated using the finite
element method (FEM) and used as the initial sample. A nonlinear mapping model between
the process and thermal cycle curve is then established using an artificial neural network.
The thermal history is input into the Leblond function to obtain the phase fraction. A
phase fraction-to-joint hardness mapping model is established to predict the hardness of
the welding joint under different process conditions.
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Figure 1. Hardness prediction flow chart of X80 pipeline steel.

3. Algorithm and Models
In this section, the mentioned algorithm and models will be introduced. Furthermore,

the specific settings during the hardness prediction will be given.

3.1. Finite Element Method

The finite element method is achieved via geometric modeling, meshing, and numeric
iteration. Firstly, we use software Solidworks 2018 to establish a three-dimensional geomet-
ric according to the actual joint size. After that, the three-dimensional model is imported
into the software Hypermesh 14.0 for meshing. The microstructures and hardness changes
acutely in or near the welding pool, so we use hexahedral elements with a side length of
1mm to mesh the region. In the area whose microstructures and hardness is less affected by
the welding temperature field, such as the base metal far away from the pools, the elements
are divided into larger ones to reduce the whole element quantity. Elements that gradually
increase in size are introduced from the pool to the base metal.

To proceed, the elements are introduced to the software MSC.Marc 2018 for numeric
iterating. To obtain a more accurate temperature field, the thermal physical performance
parameters include specific heat, heat conductivity, coefficient of thermal expansion, elastic-
ity modulus, and yield strength, which are imported in tabular form. The parameters will
be introduced later. Next, the boundary conditions are set, and the preheating temperature
between the layers is set to 80 ◦C according to the actual processing. The double ellipsoid
model is selected as the heat source, and the parameters of the double ellipsoid model are
set based on the actual measured pool morphologies. The welding process and interlayer
cooling process of the welds are defined as working conditions and added to the analysis
task in turn according to the actual GMAW multi-layer welding process. After completing
the GMAW multi-layer welding condition setting, the finite element model is submitted
for thermal analysis numerical calculation, and the temperature field cloud map of each
incremental step in the welding process can be obtained.
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3.2. Leblond Function

The Leblond function, a major predicting model adopted in the software Sysweld
2019, can predict the phase fraction evolution considering phase growth dynamics. The
govern function is written as follows:

dp
dt

= f (Ṫ)
peq(T)− p

τ(T)
(1)

where p is the phase volume fraction at the moment, t is the time, f (Ṫ) is the correction fac-
tor, peq(T) is the equilibrium volume fraction at the temperature, and τ(T) is the relaxation
time, which is a function of temperature. Its physical meaning is the start time of the phase
transition. The method that confirms these parameters is given in our previous work [26].

In the welding process, phase transition occurs during cooling. Based on the above
analysis, we express the phase fraction at t = i by pi, and the phase fraction at the next
moment pi+1 can be expressed as follows:

pi+1 = pi +
dp
dt

∆t (2)

The temperature at the moment can be written as follows:

Ti+1 = Ti + Vc(t)∆t (3)

where Vc(t) is the cooling rate. With certain Leblond parameters f (Ṫ), peq(T), and τ(T),
the phase fraction after welding can be predicted using iteration traversing the cooling time.

The transition start and end temperatures are required to determine the Lebond
parameters. However, the cooling rate will affect the critical temperature at which the
phase transition starts or ends. A CCT diagram analysis would be beneficial. To simplify,
we select the medium temperature at which the phase transition starts and ends at different
cooling rates as the critical temperature, respectively. Due to the simplification of τ(T)
and peq(T), f (Ṫ) is required to fix the subsequent errors. f (Ṫ) always changes unevenly at
different cooling rates, and the regularity of the fitted curve is not strong. Therefore, the
phase fraction under different cooling rates in CCT curves is needed so that the f (Ṫ) can
be fitted. After that, we can obtain the f (Ṫ) under the actual cooling rate via interpolation.

3.3. Artificial Neural Networks

The prediction of thermal cycling curves and joint hardness essentially involves
establishing a nonlinear mapping relationship between these outputs and the upper-level
input variables. In this study, the upper-level inputs are the primary influencing factor data.
To guarantee the efficiency of data transmission, a backpropagation (BP) neural network is
employed for modeling. This section first introduces the BP neural network algorithm and
subsequently discusses the structures of the prediction networks for thermal cycling curves
and joint hardness in detail.

3.3.1. BP Neural Network

The BP neural network is a type of multilayer feedforward neural network based on
the error backpropagation algorithm. By utilizing an input layer, hidden layers, and an
output layer, it performs nonlinear mapping of data and is capable of learning complex
functional relationships. During the training process, the BP algorithm adjusts the weights
and biases within the network based on the output error to minimize the error function. Its
typical structure is shown in Figure 2.
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Figure 2. A schematic diagram of the typical structure of a BP neural network.

The computation process of a BP neural network consists of forward propagation and
backward propagation. For the fully connected network shown in Figure 2, the forward
propagation process involves each neuron applying a weighted sum to the outputs of
the neurons in the preceding layer, subtracting the bias of the neuron and then passing
the result through an activation function to obtain the output of that neuron. Here, vij

represents the weight between input layer neuron i and hidden layer neuron j, and wjk

represents the weight between hidden layer neuron j and output layer neuron k. The bias
of the neurons is written by θ. xi is the output of the i-th input layer neuron, bj is the
output of the j-th hidden layer neuron, and yk is the output of the i-th output layer neuron.
The Sigmoid function is chosen as the activation function to map the linear combination
of inputs to a nonlinear output, allowing the network to learn and represent complex
nonlinear relationships.

To ensure the prediction accuracy of the network, it is necessary to train the weights
and biases of each neuron through backpropagation, ensuring that the final network output
error is smaller than the desired value. The training method selected in this study is the
gradient descent method. The gradient of the weights between the hidden layer and the
output layer ∇ωjk is given as follows:

∇ωjk =
∂E

∂ωjk
=

∂E
∂yk

∂yk
∂βk

∂βk
∂ωjk

(4)

where βk is the output received by neuron k from the previous layer, and E is the Mean
Squared Error (MSE), determined by the desired output Tk and the actual output yk

E =
1
2∑

k
(Tk − yk)

2
(5)

In Equation (4):

∂E
∂yk

= yk − Tk (6)

∂yk
∂βk

= f ′(βk − θ
y
k ) = f (βk − θ

y
k )[1 − (βk − θ

y
k )] = yk(1 − yk) (7)

∂βk
∂ωjk

= bj (8)
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By simultaneously solving Equations (4)–(8), we can obtain the following:

∇ωjk = yk(1 − yk)(yk − Tk)bj (9)

The weights ωjk updates as follows:

ωjk = ωjk + η∇ωjk (10)

where η is the learning rate, which is set to 0.01 in this study.
The bias of the output layer can be expressed as follows:

∇θ
y
k =

∂E
∂θ

y
k
=

∂E
∂yk

∂yk

∂θ
y
k

(11)

here,

∂yk

∂θ
y
k
= − f ′(βk − θ

y
k ) = −yk(1 − yk) (12)

Therefore, we can obtain the gradient of the bias:

∇θ
y
k = −yk(1 − yk)(yk − Tk) (13)

The bias will be later update as follows:

θ
y
k = θ

y
k + η∇θ

y
k (14)

The gradient of the weights between the input layer and the hidden layer ∇vij is given
as follows:

∇vij =
∂E
∂vij

=
∂E
∂bj

∂bj

∂vij
(15)

here

E =
1
2∑

k
(Tk − yk)

2=
1
2∑

k
(Tk − f (

m

∑
j=1

ωijbj − θ
y
j ))

2

(16)

∂E
∂bj

=
l

∑
k=1

yk(1 − yk)(Tk − yk)ωjk (17)

∂bj

∂vij
= bj(1 − bj)xi (18)

By simultaneously solving Equations (15)–(18), the weight gradients can be obtained:

∇vij =
l

∑
k=1

yk(1 − yk)(Tk − yk)ωjkbj(1 − bj)xi =
l

∑
k=1

∇ωjkωjkbj(1 − bj)xi (19)

Subsequently , the weights between the input layer and the hidden layer are updated
as follows:

vij = vij + η∇vij (20)
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The gradient of the bias in the hidden layer is given as follows:

∇θb
j =

∂E
∂θb

j
=

∂E
∂bj

∂bj

∂θ
j
b

(21)

where

∂bj

∂θb
j
= −bj(1 − bj) (22)

By substituting Equation (22) into Equation (21), we can obtain the following:

∇θb
j =

l

∑
k=1

−yk(1 − yk)(Tk − yk)bj(1 − bj) = ∇θ
y
k bj(1 − bj) (23)

The bias can be updated as follows:

θb
j = θb

j + η∇θb
j (24)

Before constructing the neural network, it is necessary to divide the training samples
into training and testing samples. The training samples are used for the basic data propa-
gation, while the testing samples serve as the accuracy criterion for the current iteration.
Additionally, the weights and biases obtained during training need to be stored for direct
use in subsequent prediction processes.

3.3.2. Cooling Rate Predicting Networks

The cooling rate of the joint is influenced by key parameters such as welding current,
welding voltage, and welding speed. Therefore, it is feasible to establish a mapping model
between these welding parameters and the cooling rate. However, since the cooling rate
is a time-varying quantity, this leads to a significant increase in the number of training
samples. To improve training efficiency, this study proposes the following prediction
method: the cooling segment of the thermal cycle curve is expressed by a function, and
the key parameters of this function are trained using a BP neural network to obtain the
complete cooling segment. Subsequently, the cooling rate at each time step is obtained
via differentiation.

To proceed, we deduce the expressing function. For the selection of the mathematical
function representing the temperature–time curve of the cooling process in welding, it
can be simplified to calculate the cooling process of a high-temperature metal block. The
conclusions derived from this simplified calculation can then be extended to the welding
process temperature variation. According to the principles of heat transfer, the rate at
which a hot object radiates heat to its surrounding environment is proportional to the
temperature difference between the object and the surrounding environment, as described
by Newton’s Law of Cooling. Therefore, from the perspective of convective heat transfer, it
can be mathematically expressed as follows:

dQ
dt

= h × A × (T − Ts) (25)

here, dQ/dt represents the rate of heat loss from the metal block, h is the heat transfer
coefficient, A is the surface area of the metal block, and Ts is the environmental temperature.
Assuming the metal block is isotropic and homogeneous, with the exception of the surface,
the rest of the block is insulated, and the lumped parameter method can be used to describe
the cooling process of the high-temperature metal block. This method assumes that the
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entire block can be treated as a single homogeneous entity with a uniform temperature.
Using the lumped capacitance method and the aforementioned equations, the function
expression for the temperature of the metal block as a function of time during the cooling
process can be derived. This function takes the form of exponential decay, expressed
as follows:

T(t) = T0 + (Ts − T0)× exp(
−h × A × t

m × Cp
) (26)

where T0 is the initial temperature, m is the weight of the block, and Cp is the specific
heat capacity. According to the basic form of Equation (26), we give an approximate fuzzy
equation to adapt to the welding cooling conditions.

T(t) = TH exp[−b × (t − c)] + T0 (27)

Here, TH is the mathematical function adjustment parameters based on the initial tem-
perature, T0 is the mathematical function adjustment parameters based on the ambient
temperature, b is the adjustment parameters for the curvature of the temperature decline
curve, and c is the adjustment parameters for shifting the function along the x-axis, which
are used to fit the multi-pass welding scenario. It should be noted that TH and T0 in the
equation are not the actual peak temperature and ambient temperature but are parameters
used for the fitting function. Their numerical values will be close to the peak temperature
or ambient temperature, but they have no practical significance. We can obtain the cooling
curve by establishing a nonlinear mapping model between the welding current, welding
voltage, welding speed, and TH , b, and c. Subsequently, the cooling rate at each incremental
step can be obtained by differentiating the curve.

3.3.3. Hardness Predicting Networks

Hardness is mainly decided by microstructure components. Therefore, using the
volume fraction of the main phases as the network input and local hardness as the output
is appropriate.

The process parameters of multi-layer welding and the microstructure information of
each welding layer correspond to the hardness values of each welding layer, respectively.
According to the same information above, a multi-layer network is constructed based on
the BP algorithm. The actual measured hardness data of each welding layer are divided
into a training set and test set of the strength prediction neural network. The training set is
used to calculate the threshold and weight of the hardness neural network of multi-layer
welding joints, and the test set is used to test the prediction results of the hardness values
of each welding layer.

In the design of the neural network, the BP algorithm is used to construct a multi-layer
network to train the weights of nonlinear differentiable functions. By changing the scale
and connection weights in the neural network, the nonlinear classification problem can be
effectively processed, and all nonlinear functions can be solved with arbitrary accuracy.
These data are stored in the .txt document in the form of a matrix and read by the if-stream
statement to ensure the accurate import of the training data.

In the training process, according to the principle of gradient descent, a loop statement
is written to convert the calculation formula into code to realize the training of the threshold
and weight of each neuron in the hardness neural network of multi-layer welded joints.
Through the change in MSE, the network parameters are continuously optimized until the
predetermined training goal is achieved.
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After completing the hardness prediction part of the welded joint, the strength pa-
rameters of the welded joint are trained in the same way. The actually measured tensile
strength and shear strength of the welded joint are used as the training set and test set of
the strength prediction neural network to explore the strength of the welded joint. The
relationship with the structure until the joint strength prediction within the predetermined
error range can be achieved.

4. Dataset Preparation
As introduced in Section 3, most of the algorithms and models are data-driven. There-

fore, experimental methods are required to measure the necessary data. The finite element
simulation requires specific heat, thermal conductivity, coefficient of thermal expansion,
elastic modulus, and yield strength at different temperatures to define the material proper-
ties. The results need to be verified using the weld pool morphology and the thermal cycle
curves at typical locations. The Leblond equation requires the material’s CCT diagram
and the phase fraction results under different welding conditions. The prediction of joint
hardness requires hardness data under different welding processes as the training set.

4.1. GMAW Multi-Layer Welding and Welding Thermal Cycle Curve Measuring

The test substrate is API 5L X80 pipeline steel, with an outer diameter of 1219 mm and
a wall thickness of 22 mm. The electrode used in the test was Austrian BOHLER SG 8-P
pipeline welding wire, and the electrode model was ER80S-G gas protection welding wire.
Their compositions are listed in Table 1 and Table 2, respectively.

Table 1. Chemical compositions of X80 pipeline steel (wt.%).

C Si Mn P S Ni Cu Nb Ti Mo Cr Ce

0.05 0.23 1.64 0.015 0.002 0.18 0.05 0.06 0.018 0.21 0.23 0.17

Table 2. Chemical compositions of BOHLER SG 8-P pipeline welding wire (wt.%).

C Si Mn P S Mo Ni V Cu Ti Al Zr

0.07 0.70 1.58 0.006 0.008 0.01 0.87 0.01 0.04 0.08 0.01 0.01

In this experiment, the multi-layer welded joint groove uses a composite groove
commonly used in pipeline engineering, as shown in Figure 3a. In the welding process of
thick-walled pipelines (especially when the wall thickness exceeds 12 mm), this groove
design can reduce the amount of filler metal required for the weld and the heat input
during welding, thus significantly improving production efficiency and greatly reducing
the probability of welding defects. The specific parameters in the figure are as follows: the
groove face angle β is set to 5 ± 1.0◦, the angle α is 45 ± 1.0◦, the angle γ is 37.5 ± 1.0◦, the
root face (P) dimension is 1.1 ± 0.2 mm, no backing material is required, and the root gap
(b) is controlled within the range of 0 to 0.5 mm. The height (H) from the inflection point
to the inner wall of the pipe is set to 5.1 ± 0.2 mm. The width (W) of the semi-groove is
between 3.9 mm and 4.3 mm. The height (h) of the internal groove is set to 1.7 ± 0.2 mm,
and the residual height of the joint is controlled between 0 and 2.0 mm. A residual height
exceeding 2.0 mm is allowed in regions with a local length not exceeding 50 mm, but it
must not exceed 3.0 mm.

The welding method is GMAW, and the girth weld is composed of nine layers of
welds. From the inner wall to the outer wall of the pipe, it is root welding, hot welding,
five-pass filling welding, and two-pass cover welding. Among them, filling one, two, three,
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or four welds, or covering one or two welds, are achieved by the double welding torch at
the same time. The cross section is shown in the main view of the model in Figure 3b, and
the welding parameters of the welds are listed in Table 3. In each welding process, K-type
thermocouples are used to measure the thermal cycle curve of each weld. The placement
position of the thermocouple is shown in Figure 3c.

Figure 3. Schematic diagram of the weld groove morphology, welding sequence, and measurement
points of the welding thermal cycle curve: (a) weld groove morphology, (b) welding sequence,
(c) measurement points of the welding thermal cycle curve.

Table 3. Welding parameters in GMAW.

Welds Current (A) Voltage (V)
Wire Feed

Speed (m/min)

Shielding Gas Flow

Rate (L/min)

Welding Speed

(cm/min)

Heat Input

(kJ/mm)

Root welding 180–200 22–23 9.0–10 25–28 68 0.36–0.40

Hot welding 190–230 23–25 9.7–10 25–28 53–58 0.49–0.60

Filling 1 185–240 23–25 8.7–10 25–28 36–46 0.65–0.84

Filling 2 185–240 23–25 8.7–10 25–28 36–46 0.65–0.84

Filling 3 180–230 22–25 8.7–9.8 25–28 35–46 0.63–0.80

Filling 4 180–230 22–25 8.7–9.8 25–28 35–46 0.63–0.80

Filling 5 160–225 22–25 8.4–9.5 25–28 38–48 0.59–0.75

Cover welding 120–150 22–24 6.0–6.5 25–28 43–52 0.35–0.44

4.2. Thermophysical Property Testing of Materials

The thermal conductivity and specific heat of the X80 pipeline steel base material
and multi-layer welded joint material were measured using the laser flash method. The
measurements were conducted using a NETZSCH LFA 457 laser thermal conductivity
instrument (NETZSCH Trockenmahltechnik GmbH, Hanau, Germany). To avoid errors
caused by individual factors, three round samples of pipeline steel and three round samples
of welding wire material were prepared, each with a diameter of 12.7 mm and a thickness
of 2 mm. For each temperature point (100 ◦C, 200 ◦C, 300 ◦C, 400 ◦C, 500 ◦C, 600 ◦C, 700 ◦C,
800 ◦C, 900 ◦C), the thermal conductivity and specific heat of both the X80 pipeline steel
and welding wire material were measured three times, and the average value of the results
was taken as the thermophysical property parameter for that temperature point.
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The coefficient of thermal expansion of the X80 pipeline steel base material and multi-
layer welded joint material was tested using the NETZSCH DIL 402 high-temperature
dilatometer, which was imported from Germany. The temperature range for measurements
included 100 ◦C, 200 ◦C, 300 ◦C, 400 ◦C, 500 ◦C, 600 ◦C, 700 ◦C, 800 ◦C, and 900 ◦C. To
ensure the accuracy of the test results and minimize the impact of random errors, three
specimens were tested, with three sets of data measured at each temperature point. The
average values were then taken to plot the curve of the coefficient of thermal expansion as
a function of temperature. The thermal expansion coefficient measurement specimen is a
cylindrical rod with a length of 25 mm and a diameter of 6 mm.

The elastic modulus and yield strength of the X80 pipeline steel base material and
multi-layer welded joint material at different temperatures were measured using the
MTS810 universal testing machine and high-temperature tensile testing method. The
temperature measurement range for the high-temperature tensile tests of both materials
covered several temperature points from room temperature to 900 ◦C, specifically: 100 ◦C,
200 ◦C, 300 ◦C, 400 ◦C, 500 ◦C, 600 ◦C, 700 ◦C, 800 ◦C, and 900 ◦C. To ensure the accuracy
of the test results and minimize the impact of random errors, each test temperature point at
high temperatures was measured three times. The three sets of data obtained were required
to have good repeatability. If significant differences were found between data points at two
test temperatures, an additional test temperature point was added between the three test
temperature points to ensure consistency.

4.3. CCT Diagram Measurement, Phase Fraction Statistics, and Hardness Testing

The Gleeble-3500 thermodynamic simulator was used to determine the CCT curve of
the X80 pipeline steel weld metal. For the X80 weld samples obtained from the interpass
heat treatment tests, the samples were taken in the direction perpendicular to the weld
cross-section along the length direction, with the sample center aligned with the center of
the weld cross-section. The thermosimulation samples were plate-shaped with dimensions
of 11 mm × 11 mm × 80 mm. In a vacuum environment, the samples were subjected
to standardized thermosimulation procedures. The temperature was raised at a rate
of 200 ◦C/s to the peak temperature of 1350 ◦C, held for 1s, and then cooled to room
temperature with various cooling rates (t8/5 values of 5 s, 6 s, 7.5 s, 10 s, 12.5 s, 15 s, 20 s,
30 s, etc.). The time and corresponding temperature at the inflection points were recorded,
and the phase transformation intervals of different phases were determined by the volume
changes occurring during the phase transformation process of the specimens.

The overall process of phase fraction testing and hardness testing is shown in Figure 4.
First, the hardness testing positions were marked. In this study, the center of each weld
seam was divided into three equal parts as the testing points. The hardness of the multi-
layer welded joint was measured using a MHV-30A digital Vickers hardness tester. The
applied load during the measurement process was 10 kg, and the hardness values at
three positions were recorded. The average of these three hardness points was taken as
the actual hardness of the weld layer. Subsequently, a sample of 10 mm × 5 mm × 5 mm
surrounding the testing points was obtained using electric discharge wire cutting. The
sample was polished with water sandpaper to a 2000 # grit and then polished. The
microstructure of different weld passes was observed using an GX71 OLYMPUS optical
microscope. The microstructure images were imported into Image Pro 6.0 software, where
phase differentiation and labeling were performed based on the brightness variation in
the field. The phase fractions were obtained by calculating the proportion of different
brightness regions.
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Figure 4. Phase fraction statistics and hardness testing process.

5. Results and Discussion
5.1. Welding Temperature Field Simulation and Thermal Cycle Curve Prediction

Figure 5a shows the welding temperature field of the thermal welding process. The
gray area represents the molten pool, and the colored areas represent the unmelted and
solidified metal. It can be seen that the welding temperature field only affects a small area
around the weld seam. The morphology of the molten pool and the heat-affected zone
(HAZ) is compared with the experimental measurement results, as shown in Figure 5b. It
can be observed that the molten pool morphology and the heat-affected zone morphology
obtained from the finite element simulation fit well with the experimental results, verifying
the accuracy of the finite element model. Based on this, the thermal cycle curve at the center
point of the bottom of the molten pool is extracted, as shown in Figure 5c. It can be seen
that the thermal cycle curve is significantly influenced by the sequential welding passes.
Additionally, due to the use of dual welding guns for synchronized off-position welding
between filler 1 and filler 2, and between filler 3 and filler 4, the peaks of the thermal cycle
curves overlap. The simulated thermal cycle curves of the thermal welding process under
different welding conditions are compared with the experimental measurement results.
The two results are highly consistent, as shown in Figure 5d, further proving the accuracy
of the welding thermal cycle curve simulated using the finite element method.

Figure 5. Simulated welding temperature field and its proofread: (a) simulated welding temperature
field using the finite element method, (b) validation of the computational model based on molten
pool morphology, (c) simulated thermal cycle curve using the finite element method, (d) comparison
of simulated and measured thermal cycle curves.
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Figure 6 shows the prediction results of the cooling section of the welding thermal
cycle curve. It can be seen that the curve obtained by predicting feature parameters using
the neural network fits well with the FEM calculation results at higher cooling rates, as
shown in Figure 6a. However, in the lower cooling rate range, the neural network prediction
results are slightly higher than the FEM calculation results. For X80 pipeline steel, the phase
transformation interval of the stable phase at room temperature mainly occurs between
500 ◦C and 800 ◦C. To balance computational efficiency and accuracy, only the results
within this interval can be output, and fitting can be performed using the average cooling
rates in the ranges of 500−600 ◦C, 600−700 ◦C, and 700−800 ◦C, as shown in Figure 6b. It
can be observed that within the temperature range where phase transformation primarily
occurs, the prediction results almost perfectly overlap with the FEM calculation results.

Figure 6. Prediction results of the cooling section of the welding thermal cycle curve: (a) Comparison
of neural network prediction results with FEM calculation results, (b) simplified results of the cooling
curve in the phase transformation interval.

5.2. Joint Microstructure and Phase Fraction Prediction

Figure 7 shows the weld microstructure under different welding passes. It can be
observed that the joint microstructure is mainly composed of ferrite (represented by white
contrast) and pearlite (represented by black contrast). Therefore, the ferrite fraction can be
predicted to represent the microstructure information at the measurement location. It is
worth noting that due to the differences in welding parameters between different passes,
this leads to variations in the welding thermal cycle. Consequently, the ferrite phase fraction
does not exhibit a linear relationship between different passes but rather a nonlinear one.
This further demonstrates the necessity of constructing a nonlinear relationship model
between the thermal cycle information and the microstructure.

Figure 8 shows the CCT curve measurement results and the relationship between the
ferrite fraction and cooling rate. Based on the CCT curve, the start and end temperatures of
the ferrite phase transformation at different cooling rates can be determined. By combining
the CCT curve information from Figure 8a, the values of Peq(T) and τ(T) can be obtained,
as shown in Tables 4 and 5. Additionally, it is observed that as the cooling process t8/5

increases, the ferrite fraction generally decreases, as shown in Figure 8. Based on the ferrite
fraction at different cooling rates, fitting can be performed for f (Ṫ). The fitting results are
shown in Table 6.

Table 4. The Peq(T) interpolation nodes in the Leblond function.

T(◦C) 0 500 533 733 780 850 1000

Peq(T) 0 0 1 1 0 0 0
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Table 5. The τ(T) interpolation nodes in the Leblond function.

T(◦C) 0 533 539 597 629 650 671 695 799 801 1000

τ(T) (s) 109 0.6 5.8 3.2 3.5 5.25 4.8 7.6 1000 109 109

Table 6. The f (Ṫ) interpolation nodes in the Leblond function.

Ṫ(◦C/s) −60 −50 −40 −30 −24 −20 −15 −10

f (Ṫ) 0.6 0.46 0.35 0.21 0.16 0.11 0.07 0.035

Figure 7. Joint microstructure morphologies and their phase fractions in: (a) root welding, (b) hot
welding, (c) filling 1, (d) filling 2, (e) filling 3, (f) filling 4, (g) filling 5, (h) cover welding 1, (i) cover
welding 2.

Figure 8. CCT curve measurement results and the relationship between ferrite fraction and cooling
rate: (a) CCT curve, (b) relationship between ferrite fraction and t8/5.

By combining the Leblond function with the Leblond parameters in Tables 4–6, the
prediction of the ferrite fraction in the joint can be achieved. We randomly selected six sets
of results from the hardness test points and predicted their phase fractions. The prediction
results are shown in Figure 9. It can be observed that the predicted trend of the ferrite
fraction matches the experimental results, with a maximum error of less than 8%, thereby
verifying the accuracy of the phase fraction prediction model.
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Figure 9. Ferrite fraction prediction results of the joint.

5.3. Joint Hardness Predictions

Figure 10a shows the relationship between joint hardness and ferrite fraction. It can be
observed that as the ferrite content increases, the joint hardness generally shows an upward
trend. Therefore, it is reasonable to predict joint hardness based on the joint microstructure
fraction. The training process MSE curve is shown in Figure 10b. It can be observed that
during the training process, the MSE gradually decreases until it is below the expected
value. The predicted joint hardness results are shown in Figure 10c. The same samples from
Figure 9 are used for hardness prediction, and it is found that the predicted joint hardness
results are in good agreement with the experimental measurements, with the maximum
prediction error not exceeding 5%. This indicates that the prediction system constructed in
this study can achieve accurate prediction of joint hardness.

Figure 10. The relationship between joint hardness and ferrite fraction, the training process MSE
curve, and the prediction results of joint hardness: (a) the relationship between joint hardness and
ferrite fraction, (b) MSE curve, (c) hardness prediction results.

6. Conclusions
In this study, the hardness prediction method of X80 pipeline steel GMAW welded

joints was optimized. Starting from the prediction of the welding temperature field, the
hardness prediction was finally realized via microstructure prediction. This method can
obtain the post-weld hardness based on the hardness essence only using the process
parameters. The specific research results are as follows:

1. The thermal cycle curve during welding was obtained via FEM simulations. Its
accuracy was validated via comparisons with experimental results. The mapping
relationships between the welding parameters and cooling rates were established, and
the cooling rate during 500–800 ◦C could be directly predicted using these parameters.

2. The joint microstructure was mainly composed of ferrite and bainite. Their fractions,
decided by the cooling rate, affect joint hardness considerably. By introducing the
CCT diagram to the Leblond function, the ferrite fraction can be predicted using the
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predicted cooling rates under different welding parameters. The predicted error was
less than 8%.

3. The joint hardness was increased with the ferrite fraction. The mapping relationships
between joint hardness and the ferrite fraction were built using BP neural networks.
By inputting the predicted ferrite fraction from the Leblond function, joint hardness
can be obtained with an error of less than 5%.
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