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Abstract: Effective thermal management is essential in welding processes to maintain
structural integrity and material quality, especially in high-precision industrial applications.
This study examines the thermal behavior of an AISI 1080 steel plate containing 100 blind
holes filled using robotic electric arc welding. Temperature measurements, recorded with
eight strategically positioned thermocouples, monitored the thermal evolution throughout
the robotic welding process. The experimental results validated a computational heat trans-
fer model developed with ANSYS Fluent software to simulate and predict temperature
distribution achieving a mean absolute percentage error (MAPE) below 4.53%. A feedfor-
ward neural network was trained with simulation-generated data to optimize welding
sequences. The optimization focuses on minimizing the area under the thermal history
curves, reducing temperature gradients, and mitigating overheating risks. Integrating CFD
simulations and neural networks introduces a hybrid methodology combining precise
numerical modeling with advanced predictive capabilities. The hybrid CFD-FNN results
reached a determination coefficient (R?) of 0.93 and an MAPE of 3.5% highlighting the
potential of this approach to predict the thermal behavior in multipoint welding processes.
This model generated optimized welding trajectories improving the uniformity of the
temperature field, reducing thermal gradients and minimizing temperature peaks, thus
aiding in preventing overheating. This framework represents a significant advancement in
welding technologies, demonstrating the effective application of deep learning techniques
in optimizing complex industrial processes.

Keywords: welding process; fluent heat transfer model; hybrid model CFD-FNN; thermal
field optimization

1. Introduction

Significant wear commonly occurs on surfaces in direct contact with raw materials in
large-scale industrial machinery, such as the teeth of rock crushers. This wear significantly
shortens component service life by degrading functional surfaces. In crushers, however,
the extent of surface wear is relatively minor compared to the overall size of the plates.

These components are typically fabricated through casting specialized materials,
followed by post-casting heat treatments to achieve the required mechanical strength and
surface friction properties. Given their large dimensions, replacing worn components is
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often prohibitively expensive. An alternative approach involves repairing worn surfaces or
fabricating components from cost-effective materials and applying a high-quality surface
layer. Hard-facing techniques through layered welding, followed by grinding and stress-
relief heat treatment, are commonly used to achieve these objectives [1].

Welding is applied uniformly across worn surfaces or specific points for component
reconstruction, typically by moving a heat source along a joint, with or without adding
filler material [2]. When filler material is used, selecting one with superior mechanical
properties enhances the weld coating’s resistance to abrasion, erosion, corrosion, or combi-
nations thereof.

Electric arc welding is widely employed in industrial applications requiring high-
strength and high-quality joints. The quality of the weld depends on factors such as the
chemical composition of the filler material, the heat source, and the arc’s position [2].
Properly applied welding techniques aim to minimize the transient thermal field’s effects.
However, the intense, localized heat generated by electric arcs poses challenges in maintain-
ing structural integrity. Improper management may lead to distortions, residual stresses,
weld defects, and adverse microstructural changes [3].

Thermal and mechanical properties evolve with heating, inducing stresses and defor-
mations that could result in defects such as cracks, porosity, or lack of fusion. These issues
can significantly compromise a component’s mechanical properties, fatigue resistance, and
service life. Understanding and controlling thermal field evolution during welding is cru-
cial for ensuring structural integrity [4]. Achieving a uniform and controlled temperature
distribution reduces thermal gradients, minimizing residual stresses and distortion [5].

Artificial neural networks (ANNSs) effectively predict key welding process variables,
including distortion and residual stresses, based on parameters such as current, voltage,
welding speed, and sequence [5,6]. ANNSs facilitate real-time control by dynamically adjust-
ing process parameters to maintain quality and reduce distortion [6,7]. These networks excel
at modeling complex, nonlinear relationships from experimental or numerical data [5] and
adapt to different materials and geometries, making them versatile for diverse applications.

Genetic algorithms (GAs) excel at optimizing process parameters and welding se-
quences. They explore global solutions to minimize distortion or maximize quality, show-
ing robustness against noise and data uncertainty [5,8,9]. In complex multipass welding
scenarios, GAs effectively sequence operations [5,10].

Combining ANNs and GAs leverage their respective strengths. ANNs predict distor-
tion for a given sequence, while GAs optimize the sequence using ANN predictions as an
objective function [5,8].

Monitoring temperature during welding allows dynamic adjustments to parameters
such as welding speed or heat input. This control maintains temperatures within an
optimal range, minimizing deformation [6,7]. Accurate temperature data support controlled
cooling strategies, reducing residual stresses further. These practices improve quality and
mechanical properties by reducing distortion.

Modeling and analyzing welding processes involve calculating the temperature field as
a function of time and position. Due to the high energy density of the heat source, numerical
models are commonly developed to predict and optimize the temperature distribution in
the material deposition zone. Several studies have highlighted the importance of modeling
thermal phenomena during welding [11,12]. Approaches such as finite element analysis
and heat source modeling have been widely explored [13,14].

Improved welding process control has been achieved by optimizing parameters and
trajectory selection [15]. A key distinction between heat source models lies in their formula-
tion, such as the Gaussian bell [16], double ellipsoid [17], or point heat source models [18].
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The selection of an optimal welding sequence must consider the spatial distribution of
weld beads, the component’s overall thermal history, bead interactions, localized heating,
and the material’s thermal sensitivity [19]. The welding trajectory and geometric application
influence the evolution of thermal fields during welding, impacting residual stresses and
thermally induced deformations [20,21].

Recent advancements highlight the potential of hybrid methodologies that combine
computational fluid dynamics (CFD) simulations with deep learning models, such as fully
connected neural networks (FNNs), to optimize welding processes. These approaches
overcome the limitations of traditional modeling methods, particularly in multipoint weld-
ing scenarios, where the operation sequence plays a critical role in thermal management
and defect prevention [22]. Zhou et al. proposed using machine learning to optimize
computational efficiency in welding processes by predicting thermal fields in additive
manufacturing processes, thus reducing computational time [19].

Determining the optimal welding sequence from many possibilities is a complex
optimization problem. This can be addressed using heuristic and metaheuristic algorithms
or machine learning techniques, such as artificial neural networks, to analyze numerical
simulation results and identify optimal sequences [19]. Neural networks, capable of
learning complex patterns from large datasets, have been applied in additive manufacturing
to predict thermal fields [19] and minimize deformation using reinforcement learning [9].

Despite advancements, challenges remain in developing an integrated approach com-
bining experimentation, modeling, and optimization to improve thermal management in
complex welding applications [14].

Other studies focus on a smaller number of welding sites, resulting in fewer possible
scenarios. For example, such as [5,23,24] examine configurations with eight sites. In
contrast, this study tackles the optimization of thermal gradients in significantly more
complex configurations by combining advanced methodologies. A matrix of 100 blind
holes introduces a combinatorial challenge with 100! = 9.33 x 10! possible welding
sequences, demonstrating the scale and complexity of this research.

The methodology introduces several innovations: (1) The use of a three-layer neural
network trained with CFD-generated data to predict and optimize areas under thermal
curves, minimizing temperature gradients. (2) Parallel processing to accelerate training
data generation and simulation, achieving effective integration between CFD models and
deep learning. (3) The methodology proposed in this work could be easily adapted to
manufacturing processes involving multisite welding or additive manufacturing processes
using multilayer welding techniques, opening new possibilities for optimizing thermal
efficiency and improving final quality.

This study investigates thermal field evolution during arc welding using an integrated
experimentation, modeling, and optimization approach to improve thermal management
to reduce the heat-affected zone (HAZ) where the microstructural impacts, thermal stresses,
and deformations affect the base materials. Welding was applied to fill blind holes, form-
ing a matrix of weld material embedded in the base material. Experimental validation
involved filling 100 blind holes on a 25.4 cm AISI 1018 steel square plate equipped with
thermocouples at eight locations.

Simulations employed the same welding trajectory as the experiment to validate
thermal field models. Subsequently, neural networks were proposed to optimize thermal
performance and reduce temperature gradients by generating diverse welding trajectories
using arc welding with a covered electrode.
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2. Simulation Model
2.1. Physical Model

A square AISI 1018 steel plate measuring 25.4 cm in length and 1.27 cm in thickness
was used to analyze the temperature fields generated by electric arc welding. The plate
featured 100 blind holes, each with a diameter of 1.27 cm and a depth of 0.635 cm, arranged
in a uniform 10 x 10 grid with a center-to-center spacing of 2.54 cm.

The measurement of deformation is complex and expensive compared to temperature
measurements, thus, in this investigation the temperature distribution was measured to
evaluate the optimum welding sequence. An OMBDAQ3000 data acquisition system (OMB
Industries, Inc., Irvine, CA, USA), coupled with eight type-K thermocouples, was utilized
to record temperature evolution. The thermocouples were installed on the underside of
the plate and inserted into holes measuring 0.0625 cm in diameter and 0.635 cm in depth.
Data acquisition was performed at a sampling rate of 10 data points per second. Figure 1
illustrates the plate configuration, thermocouple placement (indicated by green crosses at
the end of the wire), and connection to the data acquisition.

Figure 1. Plate arrangement with blind holes, thermocouple distribution, and data acquisition.

The welding material was deposited into the blind holes, starting at the initial electrode
position (see Figure 1). This position was designated as column 1, row 1 (C1, R1). From this
point, the process followed the red line marking the trajectory, creating a zigzag pattern
across the plate.

The welding procedure was carried out using a UR10 Universal Robot (Universal
Robots A/S, Odense, Denmark) programmed with the precise coordinates of the 100 weld-
ing points. This configuration allowed precise control over welding duration and electrode
positioning. Each hole was welded for 15 s, followed by a 15 s rest. The total welding
process lasted 3000 s, and material deposition began 50 s after the data acquisition system
was activated. The thermal histories recorded by the thermocouples extended up to 3750 s.

The welding machine operated at a constant current of 240 A, using a 2.4 mm diameter
flux-cored wire that deposits a high chrome carbide alloyed weld metal with excellent
abrasion and moderate impact resistance.

In addition to localized temperature measurements taken with thermocouples, global
thermal analyses were performed using a Fluke Ti-32 thermal imaging camera (Fluke Cor-
poration, Everett, WA, USA), capable of measuring temperatures between 285 and 900 K at
various process stages.
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2.2. General Transport Equations

This study models the transient heat transfer in a solid plate induced by welding.
The analysis is limited to conduction within the plate material, natural convection, and
radiation to the surroundings, excluding other transport mechanisms such as mass transfer.

To model heat transfer involving these three mechanisms, Fluent CFD (Ansys, Inc.,
Canonsburg, PA, USA, Version 2023 R1) a computational fluid dynamics software was
employed to numerically solve the general energy equation (Equation (1)):

opE -

W-FV'(U(()E-FP)) =V - (kVT) + Sweta 1
where E is the total specific energy, p is the density, k is the thermal conductivity, T is
the temperature, p is the pressure, 7 is the flow velocity, and S,4 is the heat source term
associated with the welding process.

The relationship for E is given by

E=h- )

oI

where h is the enthalpy. A user-defined function (UDF) is utilized to compute the heat loss
at the walls, based on Equation (3):

hT - hr + hc (3)

where ht is the total heat transfer coefficient, k. is the convection heat transfer coefficient,
and &, is the radiation heat transfer coefficient.

Heat loss due to free convection is modeled using the coefficients proposed by W. H.
McAdams [25] for atmospheric conditions, assuming a hot upper surface and a cold lower
surface. To determine the flow regime, the Rayleigh number is calculated as

Ra = (Grf) (Prf)

where Gr f is the Grashof number, and Pr ¥ is the Prandtl number.
The film temperature Ty is calculated as

_ Tw+ T

Ty 5

where Ty, is the wall temperature, and Tw is the ambient temperature.
For laminar flow, when 10* < Ra < 10, the convection heat transfer coefficient is

given by
1
AT\ *
he = 1.32() 4)
L
For turbulent flow, when Ra > 10°, the convection heat transfer coefficient is
AT 3
he = 1.52(L ) ®)

The heat loss coefficient due to radiation is calculated using Equation (6). According
to [26,27], this coefficient becomes significant when radiation heat transfer is dominant, par-
ticularly in high-temperature scenarios. At elevated temperatures, radiation heat transfer
becomes the primary heat dissipation mode and must be accounted for to achieve accurate
thermal calculations.
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4 _ T4
hr:UG(M> (6)
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where ¢ is the Stefan—Boltzmann constant. A macro is employed to calculate the convection
and radiation coefficients, which measure the temperature of the faces of each cell in the
mesh at the wall.

2.3. Heat Source Model

The heat source used in the welding process was modeled using a user-defined
function (UDF), as shown in Figure 2. This function simulates heat generation within a
uniform cylindrical volume, similar to the approaches presented in [28-31]. The cylindrical
volume corresponds to the size of the hole, providing an accurate representation of the heat
generated and distributed within this virtual volume. This approach enables a realistic heat
transfer simulation in this geometry’s welding processes.

CFD Simulation

*  Geometry and mesh Coor.txt
* Steel thermophysical Enter data of order, xand y

properties  (density, coordinates using On

heat capacity and Demand function

termal conductivity) :
*  Solver .

Energy model

o Heat UDF source model

¢ Initial time and temperature field
of plate

¢ time=flow-time

* Models parameters

tdata = time/t,,

¢ d=0.25in tdata%z ==
e t,=15s

¢ Current

* Voltaje

o v, =mrid
¢ Geometry variables
*  x=C_UDMI(c,t,0)
* y=C_UDMI(c,t,0)
+  z=C_UDMI(c,t,0)
* HeatSource

° r=

Jx+xc)?+ (v + yc)?

3

Figure 2. Heat transfer simulation of the welding process.

The model assumes that the heat generated in the welding zone is uniformly dis-
tributed within the cylindrical volume. This approach is particularly suitable for simulating
thermal behavior in deep welding processes. The cylindrical model is especially advan-
tageous when volumetric heat sources are required, rather than surface distributions, as
discussed in [32]. Equation (7) models the heat generated per unit volume, offering a
detailed representation of heat transfer in these processes.

. _ o0
v =1 ()
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qo represents the heat generated by the electric arc, calculated using the welding
equipment power multiplied by the process thermal efficiency, typically ranging from 70%
to 85% as per [33]. For this analysis, an efficiency value of 80% is assumed. vs, on the other
hand, represents the volume of the circular heat source and is expressed as vs = nrid,
where r and d are the radius and depth of the blind hole, respectively.

A UDF in C language is employed to model the welding heat source, integrated
with the ANSYS CFD software to implement the algorithm shown in Figure 2. This code
defines key parameters such as welding, resting, and welding power. The process begins
by defining the energy transport equation and a custom function to calculate /i1, the mesh
model, and material properties.

The welding position and order, arranged in descending order, are obtained by reading
a file containing the coordinates x and y using the On Demand function. The volumetric
heat generation term is applied individually at each site, following a sequential order of
100 points defined in the Coor.txt file. For each welding point, 15 s of welding and 15 s of
rest are applied, with the condition that the total simulation time is at most 3000 s. The
coordinates x and y represent the welding positions and are sorted for implementation.

The volume of the heat source v is defined by the domain delimitation, using the
information provided by the variables x, y, and z, which describe the mesh geometry.

2.4. FNN Model Design

This section explains the design of the feedforward neural network (FNN) model
used to predict the area under the temperature curve in the welding process. It covers the
network architecture, selected hyperparameters, and the training process based on data
from CFD simulations. The model’s performance relies on key quantitative indicators,
including mean squared error (MSE), mean absolute percentage error (MAPE), and the
coefficient of determination (R?). The neural network improves prediction accuracy by
adjusting weights through an optimization process that minimizes error. This section also
details the hyperparameters used to configure the FNN and the criteria used to assess
model performance.

In general, the architecture used in this work consists of an FNN with an input layer
of 100 neurons, corresponding to the values of the 100 (x, y) coordinates representing the
positions of the welding trajectory. The network has three hidden layers: the first with
256 neurons, the second with 128 neurons, and the third with 64 neurons. The output layer
has a single neuron that predicts the area calculated under the temperature curve. The
hyperparameters used in the model implementation are as follows:

*  Activation function: ReLU (Rectified Linear Unit) in all hidden layers. Expressed as
ReLU(x) = max(0, x). (8)
¢  Identity activation function in the output layer, represented as
f(x) = x. ©)

¢ The model trains using the Adam optimizer (Adaptive Moment Estimation), which
combines momentum optimization and RMSProp (Root Mean Square Propagation),
making it suitable for deep neural networks. The mathematical equations involved
with the Adam optimizer are

my = Bimy_q + (1 — B1)Ve](6) (10)

vt = Bovr_1 + (1= B2) (Vo] (6))? (11)
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where B; and B, are the decay factors of the moments (typically f; = 0.9 and
B2 = 0.999), and V] () is the gradient of the loss function concerning the parameters.
Next, the parameters correct the bias of the moments m; and v; using the following

corrections:
N my
tiy = (12)
1-5
A Ot
Oy = —— (13)
1-p}
Finally, update the parameters using the following rule:
6 = 01 — ————il (14)
Gy

where « is the learning rate, and € is a small constant value (typically € = 10~%) to
avoid division by zero.
This work used this method to adjust the model weights during training with a
learning rate of « = 0.001 and momentum parameters (51 = 0.9, B2 = 0.999).

¢ L2regularization (with a value of 0.001) was applied to prevent overfitting.

¢ The Dropout (0.2) indicates that, during training, 20% of the neurons will be randomly
deactivated at each step, which helps the model to better generalize.

e Early stopping with patience set to 10 epochs was used to halt training when validation
loss stopped improving.

¢ Number of training epochs: 200.

*  Percentage of data for training: 80%, with the remaining 20% used for validation
and testing.

The model trains using data generated by CFD simulations. During training, the
model adjusts the neurons” weights to minimize the mean squared error (MSE) between
the network’s predictions and the actual values obtained from the simulations. The data
generation process with the CFD simulation runs in parallel, taking advantage of multiple
CPU cores to reduce computation time. When the CFD data generation is completed, the
trapezoidal rule calculates the area under the temperature curves, ensuring an accurate
estimation of the integral of the temperature curve over time.

Early Stopping is a regularization technique used to prevent overfitting during training.
It promotes the model’s generalization to new, unseen data. Early Stopping was used to
monitor the validation loss with a patience value of 20 epochs.

The quality criteria adopted to evaluate the trained FNNs include three key quantita-
tive metrics: the mean absolute percentage error (MAPE), the mean squared error (MSE),
and the coefficient of determination (R?). These are detailed below:

1.  Mean absolute percentage error (MAPE) measures the model’s accuracy in relative
terms, showing the average difference between predicted and actual values as a

percentage.

mapE — 1% f

i=1

Yi— Ui

Yi

where y; is the actual value, 7; is the predicted value, and  is the total number of

(15)

data points.
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2. Mean squared error(MSE) is another metric used to evaluate the difference between
predicted and actual values, penalizing larger errors more significantly, and allowing
assessment of the global fit of the model.

1 >
MSE = — ) (vi = ) (16)
i=1
where y; is the actual value, §; is the predicted value, and 7 is the total number of
data points.

3. R-squared (R?) evaluates the degree of fit of the model, indicating the proportion of
variance in the data explained by the model. A value of R? close to 1 suggests that the
model explains the data well.

n (e — ;)2

im1(vi —7)

where y; is the actual value, j; is the predicted value, j7 is the mean of the actual values,

and 7 is the total number of data points.

Using these three metrics allowed a comprehensive evaluation of the model’s
performance.

Table 1 presents a comparative analysis of the performance of different neural network
architectures with one, two, and three hidden layers, varying the number of neurons in
each layer. The metrics MSE, R?, and MAPE analyze the training and validation sets.

Table 1. Metrics of different neural network architectures.

Hidden Layer Structure Training Set Validation Set
Number of Layers Number of Neurons MSE  R? MAPE (%) MSE R? MAPE (%)

128 0.0206 0.8760 4.5090 0.0242 0.7030 5.9730

1 256 0.0209 0.8980 4.4030 0.0241 0.7050 5.5930

512 0.0203 0.8890 4.5090 0.0237 0.6900 5.8780

128-64 0.1880 0.8670 3.9700 0.0239 0.7050 5.7870

2 256-128 0.0184 0.8710 3.6570 0.0240 0.7020 5.9500

512-256 0.0191 0.8590 4.0590 0.0245 0.7090 6.2240

128-64-32 0.0187 0.8550 3.9540 0.0192 0.8140 4.8460

3 256-128-64 0.0177 0.8730 3.6280 0.0186 0.8430 4.2830

512-256-128 0.0182 0.8640 3.7920 0.0189 0.8240 4.6700

The models with a single hidden layer showed relatively high values of MSE and
MAPE, as well as lower R? coefficients in validation, indicating lower generalization
capacity. On the other hand, networks with three hidden layers achieved the best results,
particularly the 256-128-64 configuration, with the lowest MSE in validation (0.0186) and
the highest R? (0.8430), suggesting greater accuracy and stability in predictions. The
training MAPE (3.6280%) and validation MAPE (4.2830%) values indicate no overfitting.

Figure 3 shows the evolution of the loss function (Loss) and validation loss (Val Loss)
across the epochs. Both curves decrease quickly at the beginning and stabilize as the
training progresses.

Early Stopping indicated that, in all cases, training stopped near 200 epochs, which
represents optimal convergence for the model. Stopping at 200 epochs prevents overfitting
and ensures the model generalizes well.
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Figure 3. Evolution of the loss during training (corregir val por val loss).

2.5. Hybrid Model CFD-FNN

The hybrid model in Figure 4 executes a series of computational simulations to op-
timize heat transfer during welding, leveraging computational fluid dynamics (CFD)
simulations and neural networks.

SHEE ANSYS

3

e

; 3 \,\' ™ FLUENT'
i b CFD Simulation

) )

Experimentation
Do model
Yes predictions No

=il — closely match
n = 10,20,50,200,500,1000 experiments?
MAPE < 5%
No X
i<n
VYes Training data generation
—l

Weld order
(Generatedin Pythor)  JAV) RPN
Storage data

Normalization r— " *y) FLUENT
of data training of FNN Weld positions CFD Simulation
n Weld order data /|7‘£0_ TS ~
o \

storage P ’,\“‘ Temperature data \
=7y with 89 files, each |
P containing 3,000 data ~ /

~ 0 B
@ points
T

Feedforward Neural Network
FNN)

Calculate the area 7
under the curve 7
“Trapezoidal rule” Z

100 welding positions in
(x,y) coordinates

Area

I\NSYS o Temperature data

Postprocessing

aver FLUENT
5 CFD Simulation
(Weld order, Area predicted) Actual area
—
Weld order o
Ves

T fMsh
Area predicted (Ap)

| l_‘} (Best weld order, Best area)
No

Add Aa to training data

Figure 4. Hybrid model CFD-FNN used to optimize heat transfer during welding.

The objective function was to minimize the area under the temperature history curves
at multiple welding sites, enhancing thermal management and preventing overheating.
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The hybrid model begins by generating random welding order coordinates for the
welding application at different sites. It then uses these sequences to make a CFD welding
process simulation to obtain temperature evolution data for 89 sites.

A welding sequence is generated for n simulations, and a PowerShell script runs each
Fluent CFD simulation in different directories in parallel to accelerate the modeling process.
The script retrieves temperature data from multiple output files generated during the
simulation and calculates the area under the curve using a numerical integration method. It
takes the maximum temperature at each time across all curves and applies the trapezoidal
rule. These n areas are used for training the network.

Next, the training data are normalized to ensure that all input values are on a similar
scale, improving the neural network’s performance and convergence speed. Then, a deep
FNN model trains using Keras, specifically through the Sequential class, to predict the
area under the curve for new sequences. The model uses 80% of the data for training
and 20% for validation and testing. The training data consist of welding orders and their
corresponding areas generated from multiple CFD simulations. The model follows a
sequential architecture with fully connected layers, featuring 100 inputs corresponding to
the 100 values of the welding application order. It has three hidden layers: the first with
256 neurons, the second with 128 neurons, and the third with 64 neurons.

The network produces a single output, predicting the area calculated as a regression
task. ReLU functions in each hidden network layer, while the output layer requires an
identity activation function. The learning procedure starts at the input layer, propagating
the training data through the network to generate an output. The system calculates the
mean squared error (between the predicted and calculated areas) from the output, and the
Adam optimizer minimizes this error. Forward propagation computes the output after
repeating the procedure for 200 epochs and learning the weights.

After training, the model proposes a new welding order and calculates the predicted
area. The system compares the predicted area with the actual area calculated from an
additional CFD simulation. If the predicted area is less than or equal to the actual area, it is
considered the best-performing welding order. Otherwise, the system feeds the actual area
into the network and validates it with a new simulation.

2.6. Consideration of the Model

The simulation model incorporates the geometric dimensions of the welding plate to
ensure dimensional accuracy between the experiment and the simulation. The boundary
conditions account for heat dissipation through natural convection with air and heat
transfer by radiation to the surrounding environment across all domain walls. The initial
temperature for both the plate and the surrounding medium equals 283.15 K.

Thermophysical properties, such as specific heat and thermal conductivity of AISI
1018 carbon steel, come from the works of Jeyakumar et al. [34] and Nadimi et al. [35]; see
Figure 5. Density is set to a constant value of 7850 %, and an emissivity € of 0.8 is applied,
as recommended by De et al. [36].

The modeled computational domain excludes the drilled blind holes and considers
a simplified flat plate geometry. The mesh used for discretizing the domain contains
25,000 cells, providing sufficient resolution to capture the plate’s thermal behavior during
the welding process. The energy equation is solved with second-order upwind spatial
discretization, applying an absolute convergence criterion of le-6 and a time step of 0.01 s.
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Figure 5. Temperature-dependent properties of AISI 1018 carbon steel.

In the simulation, thermocouples placed between each blind hole covered 89 sites,
generating 89 files that stored the temporal evolution of the temperature. These files were
used to calculate the area under the curve, constructed by using the highest temperature
value at each time step. The number of simulations considered were 10, 20, 50, 200, 500, and
1000. This approach enabled the observation of improvements in the thermal management
of the welding process, providing a detailed analysis of heat distribution and evolution
based on the number of simulations, ultimately contributing to process optimization.

Two workstations ran the hybrid model: one with a 16-core 3.2 GHz CPU and 64 GB of
RAM and another with a 20-core 2.4 GHz CPU and 32 GB of RAM. Once the neural network
was validated, the calculations and simulations took approximately 78 days to complete.

3. Experimental and Numerical Results

Figure 6 shows a general comparison of the temperature fields obtained. The images
on the left display thermographic measurements taken during the experiments, while the
images on the right show results from the simulation, with temperature values adjusted
within the measurement range handled by the thermographic camera. The notable sim-
ilarities between the experimental and simulated results validate the numerical model
used in this study. Both methodologies accurately capture the main characteristics of heat
propagation during the welding process.
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Q . od
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o
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t=3000s Temperature (K)

Figure 6. Comparison of simulation results and thermography at different times.
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The agreement in the spatial distribution of heat and the maximum and minimum tem-
peratures demonstrates a good correspondence between the experimental and simulated
results. Additionally, the thermal response times between both methods show remarkable
consistency, reinforcing the reliability of the numerical model and its ability to predict
thermal behavior accurately.

The simulation reproduces the thermal concentration zones and the heat dissipation
paths, highlighting the robustness of the numerical approach in predicting thermal evolu-
tion. However, slight deviations appear in areas with high temperatures. Several factors
may explain these differences, including simplifications of the physical model, numerical
averaging, and the inherent dissipation in the algorithms, which may smooth finer details
found in the experimental data [37].

Additionally, the absence of experimental noise in the simulation results in smoother
thermal transitions compared to the thermographic captures. Despite these variations,
the model’s overall accuracy remains intact, as thermal trends and the spatial distribution
of heat stay consistent in both approaches. This suggests that the numerical simulation
effectively predicts thermal behavior in welding processes, providing valuable information
for optimization.

Figure 7 compares the experimental measurements and simulation results for the ther-
mal history at eight different sites of the welding process, measured by the thermocouples
TCO to TC7. The results show significant similarities in the trends and magnitudes of the
temperatures. For all thermocouples, the simulation captures the formation of the primary
peaks and valleys observed in the experimental data, especially during the heating and
cooling phases of the welding process.
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Figure 7. Temperature evolution at different thermocouple locations. Subfigures (a-i) compare
simulated and experimental temperature data for thermocouples TCO-TC7. The mean absolute
percentage error (MAPE) quantifies the simulation’s accuracy in predicting thermal behavior.
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Although some sites show slight delays or minor differences in peak size, particularly
during abrupt temperature changes, factors such as numerical averaging, geometric or
temporal discretization, and inherent smoothing in the simulations likely explain these
variations. These peaks typically exhibit more pronounced variations in the experimental
data, as mentioned in [37].

Despite these differences, the overall trend agreement validates the model’s predictive
ability. The observed variations do not affect the model’s performance but emphasize the
typical trade-offs in computational simulations, such as simplified physics and numerical
dissipation, which tend to smooth sharp and localized temperature changes. Furthermore,
the calculation of the MAPE errors for each monitor ranges from 1.87% to 4.53% (see
Figure 7).

Real-world sensors capture these changes more accurately but may need to be more
evident in the simulations. However, both datasets are recorded at the same frequency,
with one data point per second.

Ultimately, the overall agreement between the two methods demonstrates the sim-
ulation’s strength in replicating experimental conditions. This result becomes especially
significant when considering the limitations and approximations inherent in numerical
modeling and the experimental setup.

After selecting the optimal neural network architecture with a structure of
256-128-64 neurons in its respective hidden layers, various tests were conducted by
varying the training set size. These experiments aimed to evaluate the model’s performance
in terms of mean squared error (MSE), coefficient of determination (R?), and mean absolute
percentage error (MAPE) in both the training and validation phases.

Table 2 shows the validation results for different training set sizes. The MSE decreases
in training and validation phases as the training size increases, indicating higher prediction
accuracy. Similarly, the R? coefficient improves, suggesting a better ability to explain
data variability. Moreover, the MAPE tends to decrease, reflecting a more precise relative
prediction error. However, while improvements continue as dataset size increases, the
additional benefits become less significant beyond n = 500. Although the model performs
best with 1000 training points, the additional gains in validation metrics are marginal
considering the time and computational cost of the additional simulations. A training size
between 200 and 500 data points offers an optimal trade-off between predictive accuracy
and computational efficiency.

Table 2. Metrics of neural network models with different training set sizes (MSE, R?, and MAPE).

Training Set Size MSE R? MAPE (%)
N Training Validation Training Validation Training Validation
10 0.0080 0.0160 0.9200 0.8000 7.0000 9.5000
20 0.0070 0.0120 0.9300 0.8500 6.0000 8.0000
50 0.0060 0.0090 0.9400 0.8800 5.0000 6.5000
200 0.0045 0.0065 0.9500 0.9000 4.2000 5.5000
500 0.0035 0.0050 0.9600 0.9200 3.8000 4.5000
1000 0.0028 0.0040 0.9700 0.9300 3.5000 4.0000

Figure 8 compares the thermal management results of training a neural network
with different numbers of training data in the optimization process. The figure illustrates
the temperature evolution during welding for n dataset sizes: 10, 20, 50, 200, 500, and
1000 simulations. The training dataset used the area under the curve generated by each
simulation. As the number of data increases, the neural network model becomes more
accurate in optimizing thermal distribution.
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Figure 8. Comparison of thermal management for neural network training with different dataset sizes.

The temperature curves show more scattering and higher variability in cases with
fewer data points (n = 10 and n = 20). This suggests that the model needs help to capture
the complex heat transfer dynamics, resulting in suboptimal optimization outcomes. With
a limited number of training data, the neural network cannot properly learn the thermal
patterns of the welding process, which leads to steeper thermal gradients and a higher
likelihood of overheating or thermal concentration.

As the training dataset size increases (n = 50, 200, 500, 1000), the neural network
progressively refines its ability to optimize the thermal coupling between welding points.
This results in more uniform thermal gradients and improved heat distribution control.
Larger datasets allow the model to learn more complex patterns in the thermal distribution,
leading to smoother temperature variations and reduced excessive heat accumulation.
Notably, cases with n = 500 and 1000 show significant improvements in temperature
control, suggesting that even larger datasets further enhance model performance.

Figure 9 shows the evolution of the three types of area (the predicted area from the
neural network, the actual area in the CFD model, and the optimal or best area) as the
number of simulations increases.
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As the simulation size increases, the three areas decrease, suggesting a progressive
improvement in the model’s ability to optimize the thermal distribution.

1.76x10°8 ; : . .
6 |
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1.72x108

Area (K-s)

1.70x108

1.68x10°8

250 500 750 1000
Simulations

Figure 9. Training dataset.

In particular, the Best Area curve shows how the neural network finds more optimal
solutions as it receives more data, reflecting a convergence towards better thermal manage-
ment. The differences between the predicted and actual areas at the beginning indicate the
need for a larger dataset to improve the model’s accuracy.

As the simulation increases, the model stabilizes, progressively bringing the prediction
closer to the actual area. This demonstrates the neural network’s effectiveness in optimizing
the thermal distribution of the welding process.

4. Conclusions

Combining CFD simulations with deep neural networks offers an innovative and
practical approach to solving complex thermal management challenges in industrial weld-
ing processes. This study introduces a hybrid model that integrates computational fluid
dynamics simulations with deep neural networks to optimize welding processes.

The comparison between experimental and simulated data revealed good agreement,
confirming the CFD model’s accuracy and highlighting its potential for future research
in thermal management. The CFD simulation model maintained high stability and accu-
racy, achieving a mean absolute percentage error (MAPE) below 4.53% when comparing
experimental and CFD simulation data.

The hybrid CFD-FNN model achieved a determination coefficient (R?) of up to 0.93 in
validation datasets and an MAPE of 3.5%, demonstrating its ability to predict areas under
thermal curves in multisite welding processes.

The thermal optimization with neural networks trained with over 500 data points
generated trajectories, which reduced thermal variability and improved heat distribution
uniformity compared to initial trajectories. This approach lowered peak temperatures,
minimized overheating, and ensured a more uniform thermal energy distribution, which
could help prevent structural damage to the base material. The results show significant
improvements, such as reducing thermal gradients and minimizing the affected thermal
zone. The improved temperature field presumably reduces the zone of the detrimental
thermal effects such as deformations, stresses, and microstructure; however, more research
is needed to quantify them.

The hybrid model predicts the welding process thermal evolution at a reasonable
computational cost and suggests an optimal execution sequence to reduce thermal gradi-
ents. The presented methodology allows adaptation (with the respective modifications)
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to other industrial processes involving multipoint welding, welding beads, or additive
manufacturing, significantly expanding its applicability in scenarios that require precise
thermal management.
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