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Abstract: In recent years, there has been a heightened focus on multiplex porosity due to its significant
adverse impact on the mechanical properties of aluminum alloy components produced through wire
arc additive manufacturing (WAAM). This study investigates the impacts of the process parameters
and dimension parameters on the relative densities of WAAM 2219 aluminum alloy components
by conducting experiments and investigates the changes in high relative density process windows
with different dimension parameters. The findings reveal a hierarchy in the influence of various
parameters on the relative density of the 2219 aluminum alloy: travel speed (TS), wire feed speed
(WFS), the number of printed layers (L), interlayer cooling time (ICT), and theoretical length of weld
(TLW). A series of data for analysis was produced through a designed experiment procedure, and on
the basis of this, by integrating the data augmentation method with the eXtreme Gradient Boosting
(XGBoost) algorithm, the relationship among the process parameters, dimension parameters, and
relative density was modeled. Furthermore, through leveraging the established model, we analyzed
the changes in the optimized process window corresponding to a high relative density with the L.
The optimal windows of WFS and TS change when the L reaches a certain value. In contrast, the
optimal window of ICT remains consistent despite an increase in the L. Finally, the relative density
and mechanical properties of the formed 20-layer specimens within the model-derived window were
verified. The relative density of the specimens within the window reached 98.77%, the ultimate
tensile strength (UTS) reached 279.96 MPa, and the yield strength (YS) reached 132.77 MPa. This
work offers valuable insights for exploring the process window and selecting process parameters
through a more economical and faster approach in WAAM aluminum components.

Keywords: wire arc additive manufacturing; relative density; data augmentation; eXtreme Gradient
Boosting; aluminum alloy; process window; pore

1. Introduction

Wire arc additive manufacturing (WAAM) uses arc welding as a heat source and
filler wire as a feedstock to manufacture a component using the layer-by-layer deposition
method [1], which can realize the manufacturing of large-sized parts [2] and is widely used
in the marine, aerospace, and automotive fields [3–5]. However, various defects, such as a
high porosity, residual stress, and cracking, constrain the application of this promising AM
method [5]. The 2219 aluminum alloy is an age-hardening Al–Cu alloy, which has good
mechanical properties in the temperature range of −250–300 ◦C [6,7]. Spherical θ′′-Al2Cu
particles and flaky-like θ′-Al2Cu precipitates are components of the main strengthening
phases, and the α-Al + θ-Al2Cu eutectic phase has an important effect on the properties of
the alloy [8,9]. Generally, the α-Al phase presents columnar and equiaxed dendrites, the
network-like α-Al + θ-Al2Cu eutectic phases are distributed along grain boundaries and
interdendrite regions, and θ′ and θ′′ are distributed in the Cu-rich region near the eutectic

Metals 2024, 14, 330. https://doi.org/10.3390/met14030330 https://www.mdpi.com/journal/metals

https://doi.org/10.3390/met14030330
https://doi.org/10.3390/met14030330
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/metals
https://www.mdpi.com
https://doi.org/10.3390/met14030330
https://www.mdpi.com/journal/metals
https://www.mdpi.com/article/10.3390/met14030330?type=check_update&version=1


Metals 2024, 14, 330 2 of 18

α-Al + θ-Al2Cu [9]. For aluminum alloys, multiplex porosities threaten the quality signifi-
cantly. They exhibit different quantitative and morphological characteristics at different
positions of the components, while their quantitative and morphological characteristics
change after heat treatment [10]. In addition, deposited alloys also show different defect
levels under different process parameters [11].

Ryan et al. [12] investigated the effects of wire batches, cold metal transfer (CMT)
transfer modes, wire feed speed (WFS), and travel speed (TS) on the porosity of the WAAM
2319 aluminum alloy. The results showed that the surface finish of the wire affects the
wire surface’s hydrogen content and arc stability, which affects the porosity. Hauser
et al. [13] showed that a higher shielding gas flow rate inhibits a decrease in porosity in the
molten pool, resulting in a higher porosity inside the WAAM aluminum alloy component.
Derekar et al. [14] investigated the effects of different interlayer temperatures on the
porosity, and the results showed that the specimens at higher interlayer temperatures had a
lower porosity. At present, the acquisition of optimized process parameters usually relies
on experiments [15–17] or numerical calculations [18,19], which are costly. In addition,
most studies do not consider variations of optimal process parameters with different size
parameters. At the same time, due to the complex formation mechanism, it is difficult to
simulate the pore defects in WAAM components by building physical models.

Machine learning (ML) methods do not need to consider the actual physical process
and have a good learning ability for nonlinear processes. The application of ML in the
field of additive manufacturing has gradually increased in recent years. Xiao et al. [20]
used neural networks to establish a bidirectional prediction model between the WAAM
process parameters and weld morphology, which can realize back calculations of the
optimized process parameters from the desired process quality level. Dharmawan et al. [21]
used reinforcement learning to correct the prediction of the layer heights for each layer
in the WAAM process and obtained a WAAM bronze block with a flatter upper surface.
Ling et al. [22] combined physical modeling and ANN to achieve the predictions of the
microstructure and hardness of WAAM low-carbon steel components. In the LPBF process,
Tapia et al. [23] used Gaussian regression to realize the prediction of the porosity under any
combination of laser power and scanning speed in the LPBF process. Liu et al. [24] used
Gaussian regression to predict the relative density of the AlSi10Mg sample manufactured
by LPBF and obtained a new process window. The new process window can obtain samples
with a high tensile strength and elongation without heat treatment. Compared with the
application of machine learning in laser additive manufacturing, its application in WAAM
is mostly in the optimization of the specimen’s morphology, and there are few studies on
the optimization of the relative density.

This paper studies the acquisition of the process window for a WAAM aluminum
alloy with a high relative density as well as variations of process windows with different
dimension parameters (number of printing layers (L)). In this study, we research the impacts
of different process parameters and dimension parameters on the relative density of WAAM
2219 aluminum alloy. Combined with a generative adversarial network with a gradient
penalty term (WGAN-GP), the model of the process parameters, dimension parameters,
and relative density was established using eXtreme Gradient Boosting (XGBoost). Then,
variations of the optimized window of process parameters with different numbers of
printed layers (Ls) were analyzed based on the model. Finally, the relative density and
mechanical properties of the samples corresponding to the window obtained using the
model were verified.

2. Theory and Methods
2.1. Experimental Methods

In this section, orthogonal experiments were designed to study the effects of the
process parameters and size parameters on the relative densities of the deposited alloys.
In order to analyze the spatial distribution of the pore defects and microstructures in the
sample, a CT test was performed on the top–middle area of the sample, the 5 mm × 5 mm
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× 5 mm squares were extracted from each sample, and their microstructure was observed
under an optical microscope. In addition, the verification experiment settings for the
relative density and mechanical properties of the sample in the optimal process window
obtained later are also explained in this section. The material used for the experiment was
GR-2319 aluminum wire, and the substrate used was a 100 mm × 100 mm × 20 mm 2219-T6
aluminum alloy plate. The composition of the wire is listed in Table 1. The manufacturing
process was carried out using the CMT additive manufacturing system, which is mainly
composed of a Fronius-CMT Advanced 4000, a wire feeder, and a KUKA KR16 robot. The
CMT-P mode was used in the wire and arc additive manufacturing (WAAM) process, the
shielding gas was 99.99% Ar, and the flow rate of the shielding gas was 25 L·min−1.

Table 1. Composition of GR-2319 (wt %).

Si Fe Cu Mn Mg Zn Ti V Zr Al

0.2 0.3 5.8–6.8 0.20–0.40 0.02 0.10 0.1–0.2 0.05–0.15 0.1–0.25 other

The relative density of the WAAM walls stable section was measured using the
Archimedes drainage method according to the GB/T 3850-2015 standard [25], and the
theoretical density of the material, ρtheory = 2.84 g·cm−3. Before the relative density test, the
unstable areas at the arc starting and arc quenching points were removed. The surface of
the samples was polished with 80# sandpaper, and then the samples were cleaned in an
alcohol solution for 5 min using an ultrasonic cleaning machine. The relative density was
measured using a DH-220MN electronic balance. In the as-deposited thin-walled walls, the
pore diameter in the top region is the largest [8]. Therefore, after testing the relative density,
a column with a length of 15 mm and a height equal to the width of the deposited sample
was taken from the top of each sample for CT testing, to characterize the spatial distribution
characteristics of the pores. The CT model used was the Phoenix v|tome|x m, in which the
maximum detection size is Φ400 mm × H420 mm, and the resolution during detection was
set to 17 µm. The microstructures of the samples and the two-dimensional morphologies
of the pores were observed with a Zeiss Axio Vert.A1 inverted optical microscope. The
metallographic sample was polished with 80#, 240#, 400#, 800#, 1200#, and 2000# sandpaper,
and after polishing, the surface was etched with Keller’s reagent. The sampling position
of each test in the experiment is shown in Figure 1. For the mechanical properties of the
experiment in accordance with Figure 2, to prepare the tensile specimens, an Instron 5982
mechanical testing machine was used at room temperature to carry out the mechanical
property testing, at tensile rate of 0.5 mm·min−1. The wire feed speed (WFS), travel speed
(TS), interlayer cooling time (ICT), the number of printed layers (L), and theoretical length
of weld (TLW) were selected as variables to design orthogonal experiments, where the TLW
is the distance from the arc starting point to the arc extinguishing point. The values of each
parameter are listed in Table 2.

Table 2. Processing parameters.

Parameters
Level

1 2 3 4

WFS/m·min−1 6 7 8 9
TS/m·min−1 0.300 0.468 0.636 0.798

L 5 10 15 20
ICT/s 60 120 150 180

TLW/mm 60 80 / /
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2.2. eXtreme Gradient Boosting Algorithm

The relationship model between the printing parameters and the relative density was
established using the eXtreme Gradient Boosting (XGBoost) method, which is an integrated
algorithm based on the idea of boosting and consists of multiple regression trees. Each tree
is trained in turn during the training process, and the result of the last tree is the final result
of the XGBoost model, which is expressed as follows:

ŷ(K)i =
K

∑
k=1

fk(xi) =
K−1

∑
k=1

fk(xi) + fK(xi) (1)

where ŷ(K)i is the predicted value of the model for sample i, and K is the total number of
trees. The objective function of XGBoost can be described by:
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∗, w2
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number of trees. The expression of the regular term
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Ω( fk) is described as follows:
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where T is the number of leaf nodes in the current tree, and wj denotes the value of the jth
leaf node. λ and γ are hyperparameters.
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Expanding the first term in Equation (2) using a 2nd-order Taylor expansion results in
a final objective function of XGBoost as follows:

Objk = γT +
T

∑
j=1

[Gjwj +
1
2
(Hj + λ)wj

2] (5)

In the formula, Gj = ∑i∈Ij
L′(yi, ŷ(k−1)

i ) and Hj = ∑i∈Ij
L′′ (yi,

⌢
y
(k−1)

). The optimal
tree structure is determined by calculating the gain after node splitting under different
splitting methods. The greater the gain, the better the current way of dividing nodes. The
gain of XGBoost is described as follows:

gain = Obj∗ f − Obj∗b (6)

where Obj*f is the objective function value before the node splits, and Obj*b is the objective
function value after the node splits. Specific theoretical references to XGBoost are found
in [26,27].

The implementation of the model relied on Python 3.10 and the XGboost library. The
mean squared error loss function was chosen as the loss function for the XGBoost model
during the model building process, and the genetic algorithm integrated with the Geatpy
library was utilized for hyper-parameter optimization in the hyper-parameter optimization
process. The data obtained from the experiments were divided into a training set and a test
set according to a ratio of 8:2. The 10-fold cross-validation was used for training, and the
mean absolute error (MAE) and coefficient of determination (R2) were used to evaluate the
model, in which

MAE =
1
m

m

∑
i=1

|yi − ŷi| (7)

R2 = 1 −

m
∑

i=1
(yi − ŷi)

2

m
∑

i=1
(yi − y)2

(8)

2.3. Wasserstein Generative Adversarial Networks with Gradient Penalty Terms

In order to improve the generalization performance of the model, data augmentation
was performed on the training set data using the Wasserstein generative adversarial net-
work with a gradient penalty term (WGAN-GP), which was implemented in the Keras
framework. Wasserstein distance and gradient penalty terms are introduced into WGAN-
GP to avoid gradient disappearance and model training difficulties during generative
adversarial network (GAN) training [28]. Figure 3 shows the structure of the WGAN-GP. In
the training process, the noise is input to the generator, which learns the distribution of the
real data and outputs data similar to the real data. The real data and the generated data are
used as inputs to the discriminator, which outputs the probability that the samples are real
data. The target of the generator is to make the discriminator unable to clearly distinguish
whether the sample is real data or generated data, whereas the target of the discriminator
is to be able to correctly distinguish real data and generated data as much as possible. The
objective loss function of the WGAN-GP is described as follows [28,29]:

L = E
x̃∼Pg

[D(x̃)]− E
x∼Pr

[D(x)] + λ E
x̂∼Px̂

[ (||∇x̂D(x̂)||2 − 1) 2] (9)

where x̃ is the generated data, x is the real data, Pg and Pr denote the geometric edges of all
possible joint distributions of the generated data and the real data, and Px̂ is the straight
line uniform sampling distribution between Pg and Pr pairs of sampling points. When the
discriminator cannot distinguish between the real data and the generated data, the training
is over, and the objective loss function oscillates around 0 at this time.
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The real data were vectors (WFS, TS, L, ICT, TLW, and relative density)T, the input
to the generator was a 6-dimensional gaussian noise, and the output was the “generated
data”, whose “shape” was the same as the real data. The input to the discriminator was
the real data and the generated data, and the output was the probability of representing
the generated input data as real data. The generator and discriminator of the WGAN-GP
were constructed using a one-dimensional convolutional network and a fully connected
layer. The specific composition of the WGAN-GP is presented in Table 3. The hybrid data
obtained by splicing the generated data with the real data were used to train the print
parameter–relative density relationship model. To ensure the quality of the data used to
train the model, the hybrid data were sorted according to their similarity, and the data
with a higher similarity were selected for training the model. The similarity was calculated
using the following equations [28]:

(Xi
true, Xj

f ake) =

√
n
∑

k=1
(xtrue

i,k − x f ake
j,k )

2
+ (yi

true − yj
f ake)

2

=

√
((xtrue

i,1 − x f ake
j,1 )

2
+ . . . + (xtrue

i,n − x f ake
j,n )

2
+ (yi
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2
(10)

Simj
= max{ 1

1+dis(X1
true ,Xj

f ake)
, 1

1+dis(X2
true ,Xj

f ake)
, . . . ,

1
1+dis(Xn

true ,Xj
f ake)

}
(11)

where dis(Xi
true, Xj

fake) is the distance between the real data and the generated data, Simj
is the similarity of sample j among the mixed data, and n indicates the number of real
samples. When the similarity of a sample in the mixed data is 1, it indicates that the sample
is real data.

Table 3. WGAN-GP architecture.

Network Layer Number of Kernel Kernel Size Output Size Activation Function D/G

Fully connected layer / / (None, 6) relu

G
Reshape layer / / (None, 6, 1) /

1D convolutional layer 32 3 (None, 6, 32) relu
1D convolutional layer 32 3 (None, 6, 32) relu
1D convolutional layer 1 3 (None, 6, 1) tanh

Input layer / / (None, 6, 1) /

D
1D convolutional layer 32 3 (None, 6, 32) leakyrelu
1D convolutional layer 32 3 (None, 6, 32) leakyrelu
1D convolutional layer 32 3 (None, 6, 32) leakyrelu
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Table 3. Cont.

Network Layer Number of Kernel Kernel Size Output Size Activation Function D/G

Flatten layer / / (None, 192) /

DFully connected layer / / (None, 64) /
Dropout layer / / (None, 64) /

Fully connected layer / / (None, 1) /

3. Results and Discussion
3.1. Effects of Print Parameters on Relative Density

The values of the relative density measured of the experiment are summarized in
Table 4. In order to analyze the influence of each parameter on the relative density, a range
analysis was carried out, and the results are displayed in Table 5. In Table 5, K1j–K4j is
the sum of the relative density measured for each parameter at different levels. k1j–k4j
is the mean value of the relative density measured for each parameter at different levels.
j represents different parameters. As a mixed orthogonal table was used in the experiment,
the final range R′ was converted using the following equation:

R′ = dR
√

r (12)

where d is the conversion coefficient, which is 0.45 for the WFS, TS, L, and ICT, and 0.71 for
the TLW. R is the original range. r is the number of repetitions of the same level experiment,
which is 8 for the WFS, TS, L, and ICT, and 2 for the TLW. As can be seen from the table,
the TS has the greatest influence on the relative densities of the specimens, corresponding
to a range of 0.91, and the TLW has the smallest influence on the relative density, with a
range of only 0.03. At the same time, the L has a greater influence on the relative densities
of the specimens, with a range of 0.64. The order of the parameter ranges, from the largest
to the smallest, is as follows: TS > WFS > L > ICT >TLW.

Table 4. The relative densities for different parameter combinations.

Sample WFS/m·min−1 TS/m·min−1 L ICT/s TLW/mm Relative Density/%

1 6 0.300 5 60 60 97.06
2 6 0.636 5 150 80 98.02
3 7 0.468 5 60 60 98.59
4 7 0.798 5 150 80 98.80
5 8 0.468 5 180 80 98.13
6 8 0.798 5 120 60 98.49
7 9 0.300 5 180 80 98.01
8 9 0.636 5 120 60 98.35
9 6 0.300 10 120 80 97.11
10 6 0.636 10 180 60 97.74
11 7 0.468 10 120 80 98.17
12 7 0.798 10 180 60 98.38
13 8 0.468 10 150 60 98.07
14 8 0.798 10 60 80 98.30
15 9 0.300 10 150 60 98.03
16 9 0.636 10 60 80 98.31
17 6 0.468 15 180 60 97.32
18 6 0.798 15 120 80 97.42
19 7 0.300 15 180 60 96.56
20 7 0.636 15 120 80 98.14
21 8 0.300 15 60 80 97.86
22 8 0.636 15 150 60 98.17
23 9 0.468 15 60 80 97.90
24 9 0.798 15 150 60 98.04
25 6 0.468 20 150 80 97.48
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Table 4. Cont.

Sample WFS/m·min−1 TS/m·min−1 L ICT/s TLW/mm Relative Density/%

26 6 0.798 20 60 60 97.65
27 7 0.300 20 150 80 96.90
28 7 0.636 20 60 60 97.85
29 8 0.300 20 120 60 97.95
30 8 0.636 20 180 80 98.17
31 9 0.468 20 120 60 98.00
32 9 0.798 20 180 80 98.10

Table 5. Relative density range analysis.

Factors WFS/m·min−1 TS/m·min−1 L ICT/s TLW/mm

K1j 779.806 779.483 785.452 783.517 1566.258
K2j 783.374 783.642 784.103 783.640 1566.812
K3j 785.151 784.755 781.414 783.511 /
K4j 784.741 785.191 782.102 782.403 /
k1j 97.476 97.435 98.181 97.940 97.891
k2j 97.922 97.955 98.013 97.955 97.926
k3j 98.144 98.094 97.677 97.938 /
k4j 98.093 98.149 97.763 97.800 /

Original
range (R) 0.668 0.714 0.504 0.155 0.035

Range after
conversion

(R′)
0.85 0.91 0.64 0.20 0.03

Figure 4 shows the microstructures of the samples, which were observed using an
optical microscope. The samples were reordered according to the size of the heat input (HI).
The heat input is calculated as follows [30]:

HI = η
∑ Ui Ii

TS
(13)

where η is thermal efficiency, η = 0.8 [29]. Ui is the voltage, and Ii is the current. TS is the
travel speed. As can be seen from Figure 4, in the two-dimensional plane, the pores in the
sample are usually circular in shape. Gu et al. [10] pointed out that spherical or irregularly
shaped micropore defects are primarily formed by the entrapped hydrogen. This indicates
that the pore defects in the sample are mainly hydrogen pores. Sanaei et al. [31] determined
the expansion plane of the defect by comparing the projected area of the defect on the
orthogonal plane of space. Figure 5 shows the projected area distribution of the pore defects
on the spatial reference plane. The points falling on the black line in Figure 5 indicate that
the projected areas of the pore defects on the two adjacent reference planes are equal, and
such defects do not show obvious expansion planes. By comparing the projected areas
of all samples defects, it is found that most samples have the same projected areas on the
three datum planes, and this distribution is shown in Figure 5a,b. However, the defects
in samples 1 and 17 have a larger projected area on the x–y plane than on the x–z and y–z
planes. This indicates that the defects in samples 1 and 17 spread along the x–y plane. Wu
et al. [32] pointed out that the maximum dimension direction of unfused defects is usually
approximately perpendicular to the direction of accumulation. It is further indicated that
unfused defects occured in samples 1 and 17. According to the experimental parameters,
the L of sample 1 is the minimum value (5 layers), while the interlayer cooling time of
sample 17 is the maximum value (180 s). In addition, the heat input of the two samples is
less than 400 J·mm−1, which makes the samples 1 and 17 have a large temperature gradient
at the same time as having a low energy input, resulting in the defects in the samples,
mainly unfused defects.
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17, HI = 246.90 J·mm−1.

Figure 6 shows the variations in relative densities with the WFS, TS, L, ICT, and
TLW. As the WFS increases, the relative density increases and then decreases, achieving a
maximum value at 8 m·min−1. The smaller the WFS, the smaller the voltage and current.
As can be seen from Equation (13), the lower the voltage and voltage, the smaller the
HI. The analyses in Figures 4 and 5 show that when the heat input is not very large and
the temperature gradient is large, unfused defects may occur in the sample. Therefore, a
smaller WFS reduces the line energy in the manufacturing process, increasing the likelihood
of unfused defects. However, too large of a WFS will increase the temperature of the
molten pool. The solubility of the hydrogen in Al–Cu alloys increases with an increasing
temperature [33]. The high melt pool temperature causes the melt pool precipitate too much
hydrogen and form hydrogen pores to reduce the relative density. When the TS increases,
the heat input decreases, and the melt pool becomes shallower. This is more conducive to
the overflow of gas pores, and the pores precipitated during metal solidification decrease,
resulting in an increase in the relative density. With the increase in the L, the solidification
rate of the molten pool slows down, and the dissolved hydrogen in the melt pool increases,
but the solidification time is not enough to make the pores escape. The formation of
hydrogen pores causes the relative density to decrease, and the lowest value is achieved in
15 layers. After 15 layers, the heat accumulation effect obviously prolongs the solidification
time, allowing some pores to escape and increasing the relative density. When the ICT
is between 60–150 s, the change in the ICT has little effect on the relative density. When
the ICT between layers increases from 150 s to 180 s, the temperature gradient between
the current layer and the previous layer increases, and the cooling rate of the melt pool
becomes larger, so that some pores are unable to escape and the relative density decreases.
In addition, under the combination of a high cooling rate and a low heat input, unfused
defects may also appear in the sample. When the TLW increases, the arc time becomes
longer. The temperature of the specimen is higher, which slows down the solidification of
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the melt pool to a certain extent. This is conducive to the loss of some pores and makes the
relative density of the specimen increase slightly.
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3.2. Modeling of Process Parameter–Relative Density Relationships

Figure 7 shows the distribution of 75 sets of generated data using the WGAN-GP
method and 25 training sets obtained from the experiment. It can be seen that the generated
data have a similar distribution to the real data. Based on the similarity ranking of the
hybrid data, the performance of the models on the test set were examined by adding
different amounts of generated data to the training set. The results show that the model
performs best on the test set when the generated data/real data = 1:1 in the training set.
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Figure 7. Generated data vs. real data distribution. (a) Spatial distribution of generated data.
(b) Probability density distribution of the generated relative density. (c) Spatial distribution of real
data. (d) Probability density distribution of the real relative density. The size of the dots in (a,c)
indicates the size of the ICT, and the transparency represents the size of the TLW.

The performance of the models on the test set in the three cases of whether the data in
the training set were augmented and whether the data were augmented with a similarity
ranking is compared in Table 6. It demonstrates that the model with data augmentation
and a similarity ranking of the data in the training set performs the best on the test set,
with an R2 = 0.924, and MAE = 0.096. Figure 8 shows the probability density map of the
relative density distribution of the hybrid data set corresponding to the best model. The
distribution of the relative density in the mixed training set of the best model is similar to
that in the training set consisting only of real data. Figure 9 shows the difference between
the experimental values of the relative density on the test set and calculated values by
the best model. The solid red line in the graph indicates that the calculated values are
equal to the experimental values. As can be seen from Figure 9, the difference between
the calculated values and the actual values is small, which is consistent with the results in
Table 6.

Table 6. Performance of the model on the test set, from the training set with or without data
augmentation and similarity ranking.

Data Enhancement Similarity Ordering MAE R2

No No 0.138 0.816
Yes No 0.113 0.870
Yes Yes 0.096 0.924
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3.3. High Relative Density Process Window Reliability Verification

The result of the range analysis suggests that the L has a greater impact on the relative
density, with a range of 0.64, and the change in the TLW has a smaller impact on the relative
density, with a range of only 0.03. Therefore, the changes in the process parameters window
for a high relative density with different Ls have been analyzed. Figure 10 shows the
relative densities calculated using the model when the TLW is 80 mm, and when the L,
WFS, TS, and ICT are varied between 5–20 layers, 6–9 m·min−1, 0.3–0.798 m·min−1, and
60–180 s, respectively.

The relative densities of the samples increase with the increase in the TS. When the L
is between 5 and 7, the TS window with a high relative density is 0.4–0.798 m·min−1, and
when the L is larger than 7, it is 0.72–0.798 m·min−1. The relative density first increases and
then decreases with an increase in the WFS. When the L is less than or equal to 15, the WFS
window with a high relative density is 7–7.5 m·min−1, and when the L is larger than 15,
the WFS window with a high relative density is 7.1~8 m·min−1. Although the generated
data enhance the generalization performance of the model, there is still a limitation in the
distribution of the data to maintain the similarity with the experimental data. This makes it
so that there is no relative density greater than 98.5% with the model calculations when the
L is larger than 15. In addition, when the L is less than or equal to 15, the relative density at
a WFS between 7.5–8 m·min−1 is second only to that between 7–7.5 m·min−1 and is higher
than at other WFS intervals. When the L increases, the relative density decreases first, and
the relative density is the smallest at 16 layers. Then, it increases with an increase in the L.
From the result of the range analysis, it is known that the effect of the ICT on the relative
density is smaller than those of the WFS and TS, which makes the change in the relative
density with the ICT in Figure 10b not show an obvious demarcation line. In order to
further study the ICT window change, the relative density calculated using the model was
visualized, where the WFS and TS are in the range of 7–8 m·min−1 and 0.72–0.798 m·min−1,
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respectively. The results are shown in Figure 11. As can be seen from Figure 11, the relative
density change with the ICT is roughly bounded by 156 s. Although the relative density
fluctuates greatly under the influence of the WFS and TS when the ICT is less than 156 s,
the overall performance is still higher than when the ICT is greater than 156 s.
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Figure 11. Visualization of ICT window at WFS in the range of 7–8 m·min−1 and TS in the range of
0.72–0.798 m·min−1. The size of the dots indicates the size of WFS.

The process parameter windows corresponding to the 20-layer samples obtained
above are listed in Table 7. In order to verify the validity of the obtained process windows,
three 20-layer samples with a TLW of 100 mm were fabricated by selecting three groups of
parameters in the windows of Table 7. The relative density and the mechanical properties
of the specimens were tested. The results are summarized in Table 8. Figure 12a shows
the engineering stress–engineering strain curves of the three tensile specimens. Due to
Portevin–Le Chatelier (PLC) effect, the engineering stress–engineering strain curves of
the three samples all show serrated characteristics. The interaction between the moving
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dislocation and the atoms of the diffused solute are thought to be the main cause of the
PLC effect [34]. This appears in Al–Cu alloys as a moving dislocation in the α-Al matrix
phase interacting with solute Cu atoms [9,35].

In the uniform plastic deformation stage, the relationship among the true stress (σT),
true strain (εT), engineering stress (σE), and engineering strain (εE) can be expressed as:

σT = σE(1 + εE) (14)

εT = ln(1 + εE) (15)

Figure 12b shows the true stress–true strain curves before necking begins. In addition,
the Hollomon equation is satisfied between the true stress and the true strain, which is
expressed as follows [9]:

σT = Kεn
T (16)

where K is the strength coefficient, and n is the strain-hardening exponent. A logarithmic
transformation of Equation (16) gives the following equation:

ln σT = n ln εT + ln K (17)

Figure 12c shows the lnσT–lnεT relationship curves. The n values of different samples
were obtained by fitting the lnσT–lnεT curves. In general, a higher n value means that the
material is able to achieve sufficient work hardening in critical areas, and the material has a
better formability [36]. As can be seen from Figure 12c, the n value S3 is the largest, which
is 0.266. Additionally, the size of the n value corresponds to the elongation (εef).

Due to the small size of the data set and the low repeatability of the metal additive
manufacturing process, the relative densities of the three samples in the verification ex-
periment are higher than the relative density calculated using the model in Figure 10. The
maximum value of the relative densities in the verification experiment can reach 98.77%.
That is, the porosity is 1.23%, which is better than the porosity (1.52%) obtained by using
the percentage of the area from the statistics of Fang et al. [37]. The ultimate tensile strength
(UTS) can reach 279.96 MPa, which is better than the 274 MPa proposed by Fang et al. [38],
and the yield strength is all greater than 110 MPa, indicating that the process window
obtained from the proposed model can produce the thin-walled components of the WAAM
2219 aluminum alloy with a higher relative density and better mechanical properties.

Table 7. High relative density process window for 20-layer specimens.

Process Parameters Lower Limit Upper Limit

WFS/m·min−1 7.1 8.0
TS/m·min−1 0.720 0.798

ICT/s 60 156

Table 8. High relative density process window validation experiments.

Specimen WFS
/m·min−1

TS
/m·min−1 ICT/s Relative

Density/% UTS/MPa YS/MPa εef/%

S1 7.1 0.720 90 98.77 267.76 123.22 8.47
S2 7.5 0.759 90 98.49 251.24 129.52 7.18
S3 8.0 0.798 90 98.63 279.96 132.77 11.43
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Figure 12. (a) Engineering stress–strain curves; (b) true stress (σT)–true strain curves (εT); (c) lnσT–
lnεT curves. The dashed lines in (c) represent the fitting curves of lnεT and lnσT, which is the same
color as the solid line and represents different samples.

4. Conclusions

In this research, we studied the influences of different dimension parameters and
process parameters on the relative density of 2219 aluminum alloy thin-walled components
manufactured using WAAM. And the relationship among the process parameters, dimen-
sional parameters, and relative density was modeled on the basis of the experimental data
combined with the data augmentation method. In addition, variations of the high relative
density process window were investigated based on the obtained relationship model, and
the obtained process window was experimentally verified.

The results show that the influence of each parameter on the relative density is in the
following order: TS > WFS > L > ICT > TLW. The relative density of the sample increased
first, and then decreased with an increase in the WFS and increased with an increase in
the TS. When the WFS was 6 m·min−1, the relative density of the sample was smaller than
when the WFS was 9 m·min−1. When the L increased, the relative density of the sample
first decreased and then increased. In addition, an excessive ICT would reduce the relative
density, while the TLW had little effect on the relative density. When the heat input of the
sample was not large and the cooling rate of the molten pool was high, the pore defects
in the sample were mainly unfused defects. Data augmentation of the experimentally
obtained small data set can effectively improve the generalization performance of the
proposed parameter–relative density relationship model. With the change in the L, the
process window of the WFS changed at 15 layers and the process window of the TS changed
at 7 layers, but the process window of the ICT did not change significantly. The relative
density of the specimens in the validation experiment can reach 98.77%, and the UTS can
reach 279.96 Mpa.

This work can provide some guidance in the selection of process parameters for
WAAM aluminum alloy components. Future work will carry out high-throughput exper-
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iments to obtain larger data sets for modeling, in order to achieve the goal of reducing
the error caused by a low repeatability of the manufacturing process and improving the
accuracy of the model.
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