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ABSTRACT
The core challenge in directed energy deposition is to obtain high surface quality through process
optimisation, which directly affects the mechanical properties of fabricated parts. However, for
expensive materials like Ti-6Al-4V, the cost and time required to optimise process parameters
can be excessive in inducing good surface quality. To mitigate these challenges, we propose a
novel method with artificial intelligence to generate virtual surface morphology of Ti-6Al-4V
parts by given process parameters. A high-resolution surface morphology image generation
system has been developed by optimising conditional generative adversarial networks. The
developed virtual surface matches experimental cases well with an Fréchet inception distance
score of 174, in the range of accurate matching. Microstructural analysis with parts fabricated
with artificial intelligence guidance exhibited less textured microstructural behaviour on the
surface which reduces the anisotropy in the columnar structure. This artificial intelligence
guidance of virtual surface morphology can help to obtain high-quality parts cost-effectively.
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1. Introduction

Directed energy deposition (DED), the process of depos-
iting powder through a nozzle and melting it with a
laser, is one of the most adaptable additive manufactur-
ing (AM) methods to date, primarily because of its capa-
bility to consolidate large size complex shape
components in a layer-by-layer fabrication. DED is also
useful for the repair of components in the aerospace
(Gradl 2021; Blakey-Milner et al. 2021), biomedical
(Amato et al. 2013), and automotive industries
(Bennett et al. 2019).

The DED fabrication process consists of powder
feeding, laser melting, fusion, and the solidification of
layers. As mechanical properties and microstructures of
fabricated parts are significantly influenced by the pro-
cessing parameters, there have been many studies to
improve tensile properties and elongation via process
optimisation. The relationship between the characteris-
ation of stainless steel, scan speed, and laser power

was investigated (Zhang et al. 2014). The effect of laser
power and powder feed rate on the porosity of Ti–
6Al–4V structures were also examined (Qiu et al. 2015).
The dwell time (Denlinger et al. 2015), hatch spacing
(Wang et al. 2019), scanning pattern (Zhang et al.
2021; Dharmawan and Soh 2022; Jhabvala et al. 2010),
laser incident energy (Xue et al. 2021), powder mor-
phology (Ang et al. 2022; Farzaneh et al. 2022), and
layer thickness (Shim et al. 2016) can critically affect
the mechanical properties and quality of AM. The
relationship between the hatch rotation angle and
build quality was investigated (Terrassa et al. 2019).
The ultrasonic vibration-assisted DED was also con-
ducted to reduce defects due to lamination, resulting
in the refining of microstructure and improving charac-
terisation of stainless steel (Yang et al. 2022, 2021).

However, despite the rapid progress of mechanical
strength, DED still has a bottleneck, in that, the surface
quality is lower than that of other methods such as
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laser powder bed fusion (L-PBF) (Barroqueiro et al. 2019;
Alex Huckstepp 2019). This is primarily caused by the
relatively larger powder size used in DED (D50, 60 µm
∼ 100 µm) compared to the laser PBF (D50, 30 µm ∼
45 µm) resulting in slow melting (Doñate-Buendia et al.
2021). In particular, the surface roughness of DED is
high because the deposition rate is higher, and the
size of the melt pool is larger than other AM processes
(Udroiu, Braga, and Nedelcu 2019; Dutta 2020). Surface
roughness also critically affects the fatigue property, as
a poor surface can induce crack initiation at the
surface under repetitive external forces (Wang et al.
2019; Jingzhe Zhang and Fatemi 2019). These limitations
require additional post-processing tasks (Lee, Nagalin-
gam, and Yeo 2021) and restrict the widespread appli-
cation of DED in manufacturing products in various
industries.

To address this issue, there have been several exper-
imental efforts to optimise DED process parameters to
control surface quality and bead appearance which is
related to surface roughness (Udroiu, Braga, and Nedelcu
2019) and welding defects and bead shape (Nam et al.
2018). A correlation between periodic meniscus and the
melt-pool geometry was established (Gharbi et al. 2013).
The ultrasonic method was applied to determine the
effect of process parameters on surface porosity (Rao
et al. 2022). However, these experimental approaches
can be costly for expensive materials such as Ti-6Al-4V to
find optimum conditions for the fabrication of each part.

Recently, artificial intelligence (AI) has been actively
employed in AM, which is a reliable and fast way to
predict and optimise processing parameters. For
example, artificial neural network (ANN) application to
metal was studied to determine weld geometry and
temperature distribution (Akbari et al. 2016). A compara-
tive study on predicting the thermal history in DED was
performed using a recurrent neural network (Mozaffar
et al. 2018). An ANN was also employed to define the
correlation between process parameters and geometri-
cal parameters, such as the width, height, and depth of
the deposited trace (Caiazzo and Caggiano 2018). Bead
shapes and porosity formation in the processed DED
part have also been studied (Wacker et al. 2021; Liu,
Liu, and Zhang 2021; Mbodj et al. 2021). Furthermore,
neural network studies have also been conducted to
predict the deposition shape of the wire arc AM by ana-
lysing the correlation between the deposition shape and
process conditions such as bead width and height (Xiao
et al. 2022). A long short-term memory was employed to
predict the tensile strength of the printed parts using the
fused deposition modelling (Zhang, Wang, and Gao
2018). However, most of these AI applications were
focused on increasing mechanical properties via

process optimisation, which still requires further
studies on DED surface quality improvement affecting
fatigue behaviour.

In this work, a novel method is developed for quick
prediction of the surface morphology of the metal DED
surface via a conditional generative adversarial
network (CGAN). Through CGAN structure optimisation
with initial experimental data, the virtual graphic gener-
ation model was developed to predict the surface mor-
phology of the DED parts based on any desired
process input. With the CGAN virtual guidance, the Ti-
6Al-4V part was fabricated and analysed via microstruc-
tural studies.

2. Materials & methods

2.1 Experimental setup

As shown in Table 1, the Ti–6Al–4V powder of MK Corpor-
ationwas used for theDEDprocess, and theproportionsof
the components are listed. Powder morphology can be
found in Figure 1(a). The particle size distribution is
62.73 µm for d10, 92.41 µm for d50, and 144.70 µm for
d90, which are larger than the average powder size used
in L-PBF as shown in Figure 1(b), and the average tap
density of the powder is 2.55 g/cm3.

InssTek MX-Lab, which is equipped with an ytterbium
fibre laser with an output of up to 300 W, was used for
the DED process along with a clogged vibration
method, in which the powder is supplied to the nozzle
using the vertical vibration of the feeder. The tool path
was moved along the track in a contour (clockwise)–
filling (zigzag)–contour (counterclockwise) sequence
for each layer, with two outer construction processes
(Figure 2). The pattern was rotated 90° clockwise when-
ever each layer was completed.

Cuboids with dimensions of 12 mm× 18 mm×
12 mm (length × width × height), having 80 layers
0.15 mm high, were manufactured on a plate. The vari-
ables of the process conditions shown in Table 2,
consist of three components: laser power (160–220 W),
powder feed rate (0.4–0.7 g/min), and scanning speed
(850–1000 mm/min) each with values within a
specified range, and its list is shown in Table S1.

The top surface of the cuboid was scanned with ATOS
CORE 45 from GOMwhere each of the three sensors per-
formed a scan at a different angle, producing two-
dimensional (2D) and three-dimensional (3D) scan

Table 1. Chemical composition of the Ti–6Al–4V powder.
Element Ti Al V Fe

wt% Bal. 6.36 4.06 0.18
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images. The scanned images consisted of 880 × 590
pixels and were visualised in a heatmap according to
the relative height in the height set.

2.2 Machine learning

2.2.1 Overview of machine learning
The overview of this study is presented in Figure 3(a). In
DED surface morphology prediction via artificial intelli-
gence, an optimised smooth surface design is achieved.
To build a dataset specimen, titanium powder was
melted and deposited by a laser under various process
conditions, thereby generating surfaces with different
roughness and quality. CGAN was employed to visualise
the expected surface roughness for the given process
conditions as shown in Figure 3(b). Given the user
input, the expected virtual surface image can be visual-
ised by applying CGAN to the scanned images and

process conditions, and the final results are given in 3-
dimensional images.

2.2.2 Image preprocessing and data augmentation
The dataset was configured by scanning 80 specimens
which were split into 9:1 (training set: test set) for
CGAN. For the training model using CGAN, as shown
in Figure 4, a total of 432 images were
augmented by vertical and horizontal flipping and
rotation to prevent overfitting during training and
increase data diversity (Perez and Wang 2017). In
addition, these images were normalised by adjusting
the RGB value of the images in the region to
between 0 and 1.

The labels for the dataset were constructed by listing
the process conditions corresponding to each image,
which were normalised to values between 0.1 and 0.9 for
each variable. Normalised labels in three process con-
ditions (laser power, powder feed rate, and scan speed)
were used as continuous regression forms to train the
model. In the case of the generation of the expected
surface images from process conditions, the image
dataset was resized to 224 × 224 pixels to train the CGAN.

Figure 1. (a) Morphology of Ti–6Al–4V powder used in this work. (b) Particle size distribution (d50) for DED and L-PBF processes in
previous literature. The average particle size for DED and L-PBF is 81.2 and 35.6 µm, respectively. The references for DED are in the
following order: (Wang et al. 2020; Tandon et al. 2015; Li et al. 2021; Langebeck et al. 2020; Keist, Taminger, and Palmer 2016; Joshi
et al. 2021). For the L-PBF, 1-2, 3-4, 5-6, and 7th references are in the following order: (Chen et al. 2022; Meyers et al. 2022; Lu et al.
2022; Englert et al. 2022)

Figure 2. A schematic diagram of the tool path processing unit
(Contour – filling – contour). Dwell time is 3.5 s and tool pattern
rotation is 90° in a clockwise direction.

Table 2. Process parameters.
Process parameters (Unit) Values

Laser power (W) 160, 180, 200, 220
Powder feed rate (g/min) 0.4, 0.5, 0.6, 0.7
Scan speed (mm/min) 850, 890, 925, 960,1000
Dwell time (s) 3.5
Hatch space (mm) 0.3
Layer thickness (mm) 0.15
Laser beam diameter (μm) 400
Laser wavelength (nm) 1090
Shielding gas flow rate (L/min) 8
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2.2.3 CGAN architectures for generating the
expected surface images
A GAN was used to learn the features of existing image
sets to produce an image and output similar to the
expected results (Goodfellow et al. 2014). GAN consists
of a generator (G) and discriminator (D), such that G
strives to deceive D by generating virtual images,
whereas D strives to distinguish the real image from the
synthetic images generated by G. Subsequently, CGAN
was developed to add a label to GAN. GAN can generate
more real-like samples, which are closer to the ground
truth, compared with other generative models even
when an explicit data distribution is absent (Alqahtani,

Kavakli-Thorne, and Kumar 2021). In addition, GAN does
not rely on the Markov chain method which incurs a
high computational cost (Gonog and Zhou 2019). Based
on these advantages, GAN has been used in various
fields for image generation such as medicine (Zhan
et al. 2021) and topology optimisation (Shen and Chen
2019). We also implemented this model to visualise the
expected surface image.

CGAN was used to generate virtual images by learn-
ing real scanned images, where 2D images of the
surface of the DED output were used as the real data.
As shown in Figure 5, CGAN consists of two steps,
the training and testing steps. In the training step
(Figure 5(a)), the three normalised process variables
are expressed as a continuous form to generate a
label list, which is convolved with random noise and
input into G. Then D identifies real or fake pairs of
the generated images based on the real image and
label. In the testing step (Figure 5(b)), a predicted
surface image can be obtained, similar to the ground
truth by entering any three process variables into the
trained G. The objective function of CGAN is described
in Section S1.

A CGANmodel was trained on an Ubuntu 18.04 server
equipping the AMD Ryzen Threadripper 3990X central
processing unit (CPU) and NVIDIA RTX 3090 graphics
processing unit (GPU). The processing time for each
epoch was approximately 450 milliseconds. For the syn-
thetic images, 128-dimensional uniformly distributed
random data were generated, which were then concate-
nated with 3-dimensional conditions and projected onto

Figure 3. Overview of (a) surface morphology prediction via AI and (b) the surface roughness prediction. A visualisation of the
expected virtual surface image suitable for the user input is generated by CGAN.

Figure 4. Example of data augmentation for the training set.
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G. Then, the output was reshaped and upsampled
through four deconvolution processes to produce the
224 × 224 pixels of an image. The generated image
was superimposed onto a real image and its process
conditions, which were then downsampled by D,
through four convolution processes, to enable the
classification of the generated image as real or fake. A
leaky ReLU (Xu et al. 2015) was used with an alpha of
0.2 as the activation function and the Adam optimiser
was used with the default settings for the exponential
decay rates. The layers of the model show symmetrical
structures of D and G, as suggested by the original
study and some of the other studies (Radford, Metz,
and Chintala 2016; Perarnau et al. 2016), which raises
the possibility of falling easily into mode collapse
(Saxena and Cao 2020; Creswell et al. 2018). To over-
come this limitation, hyperparameters were selected
by trial and error based on published works, to adjust
the learning rate (Luo, Huang, and Li 2021; Al-Shargabi
et al. 2021) or the number of hidden layers and filter
size (Woldesellasse and Tesfamariam 2022; Heyrani
Nobari, Chen, and Ahmed 2021). The details of the
hyperparameter selection are discussed in Section 3.2.

The epoch was set to 1000 and Fréchet inception
distance (FID) [49], which measures the similarity
between real images and generated images, was used
to evaluate the generated images. As described in
Section S2, since the FID score represents the distance
between feature vectors of real and generated images,
the lower score means generated image is similar to the
real image.

2.2.4 Specimen analysis
An in-depth surface analysis was conducted to investi-
gate the discrepancy between the arbitrary trial case (T
specimen) and AI recommended case (R specimen)

with the CGAN prediction. T specimen shows arbitrary
bad condition which has such characteristic microstruc-
tural behaviour as comparative criteria to analyse AI
suggested R specimen. Among the examples visualised
using CGAN, the process condition for images with
uniform surface roughness was selected to manufacture
the CGAN recommended case. To analyse the micro-
structure according to the difference in the surface
roughness, an electron backscatter diffraction (EBSD)
analysis was performed for each specimen. Moreover,
all the sizes of columnar grains were measured in a stat-
istical method by using an image analyser.

To reveal the cause of the anisotropy of the DED
process, the cross-sectional structure was analysed
using orientation distribution functions (ODFs). For an
accurate analysis of typical textures, constant Φ2 = 0
and 30° ODF maps were used (Fan et al. 2020). The
Taylor Francis group (Olaf and Valerie 2009) suggested
a standard ODF map of the texture direction and an
equation with the Miller index. In addition, the inverse
pole figure (IPF) map was used to show the angle of
the cropped primary columnar grains, and the primary
columnar grains with high GOS values (above 1.5)
were cropped from the IPF map.

3. Results & discussion

3.1 Dataset analysis

The scanned images were converted into the HSV (hue,
duration, and value) colour space to obtain numerical
surface roughness values. The hue, which has the same
domain as the colourmap of the scanner, was quantified
into surface roughness values. As shown in Figures 6(a)–
(c), the average value of the surface roughness (Ra, avg)
varies depending on the values of the three process

Figure 5. Schematic of how surface roughness is suggested: (a) Training step and (b) testing step. Normalised process conditions are
used to train CGAN in the continuous regression form.
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conditions. The Ra,avg values were 2.22, 2.24, 2.25, and
2.27 mm according to the laser power, which is not sig-
nificantly different, but the distribution of the data tends
to be dense at 220 W. Some of the samples

corresponding to laser power are shown in Figure 7(a).
The Ra,avg values for the powder feed rate were 2.25,
2.22, 2.26, and 2.24 mm, which are also not significantly
different. Unlike other variables, the Ra,avg values for the

Figure 6. Data used for model learning affected the surface roughness according to the following process conditions: (a)–(c) average
of the surface roughness, (d)–(f) standard deviation of surface roughness, and (g)–(i) ratio of blanks, which is outside the measurement
range (−0.5–3.0 mm) of the scanned area. The data corresponding to each condition on the x-axis are expressed as dots, and its dis-
tribution is represented as a curve. Each box contains data of percentiles between the 25th (Q1) and 75th (Q3). The horizontal central
line and square in the box indicate the median and mean. The lower and upper whiskers indicate Q1− 1.5× IQR and
Q3 + 1.5× IQR, respectively, where IQR states an interquartile range.

Figure 7. Variation of specimen surface in images as a function of (a) laser power, (b) powder feed rate, and (c) scan speed. Colormap
indicates the degree of surface roughness.
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scan speed were 2.34, 2.13, 2.28, 2.16 and 2.31 mm,
which on average display superior Ra,avg values at
890 mm/min. The samples corresponding to powder
feed rate and scan speed are shown in Figures 7(b,c).
Other than in the parts excluded or not calculated, no
clear tendency was observed in the surface roughness
in relation to the process conditions.

Figures 6(d–f) indicate the standard deviation values
of the surface roughness (Ra,std). The values of Ra,std as
a function of the laser powers of 160, 180, 200, and
220 W were 0.45, 0.42, 0.42, and 0.43 mm, respectively
displaying low standard deviation values, in general.
The values of Ra,std according to the powder feed rate
of 0.4, 0.5, 0.6, and 0.7 g/min were 0.45, 0.42, 0.43, and
0.44 mm, respectively, showing the lowest standard
deviation values at 0.5 g/min. The values of Ra,std accord-
ing to the scan speed 850, 890, 925, 960, and 1000 mm/
min were 0.43, 0.46, 0.42, 0.47 and 0.39 mm, respectively.
The standard deviation value was the highest when the
scan speed was 960 mm/min, indicating that the surface
roughness is uniform and close to the target height
except for the boundary, compared to other process
conditions.

The blank space of scanned images was excluded in
the calculation of the average and standard deviation
of the surface roughness because they are outside the
measurement range of −0.5 mm to 3.0 mm. Conse-
quently, the ratio of blank space was calculated separ-
ately as shown in Figure 6(g–i). The blank ratios
according to the laser power were 19.2%, 17.9%,
18.9%, and 18.8%, respectively and the lowest value
was observed when the laser power was 180 W. In par-
ticular, the percentage of the blank under the powder
feed rates was 19.7%, 20.4%, 17.7%, and 16.9%, respect-
ively, which tended to significantly decrease as the
powder feed rate increased. The blank ratios according
to the scan speed were 18.9%, 18.9%, 17.8%, 18%, and
19.8%, respectively similar to the laser power, with the
lowest values in the middle of the range.

As shown in Figure 6, no clear tendency was observed
experimentally. It means that 80 experimental approaches
are not enough to predict the clear effect of each par-
ameter with the given material. Due to this limitation, it
is alsohard tooptimise theprocessparametersexperimen-
tally. Although the surface roughness showed some corre-
lation, there were three process conditions that affected
the manufacturing process, making it difficult to deter-
mine the effect of each process condition on the surface
roughness. Moreover, a large deviation was observed
even among data in the same class. Consequently, AI
was applied to solve the limitation of AM, predicting the
surface morphology from the process conditions. The
results are presented in the following sections.

3.2 Model optimisation

To obtain the best results, some variations were studied
as shown in Figures 8(a–d). The first case of Figure 8(e)
is the base structure, and variations on the first case are
numbered from 2 to 5. The corresponding FID score for
each case is summarised in Figures 8(e,f). Because the
discriminator loss converges to zero rapidly, to
balance the performance of both the generator and dis-
criminator, the hyperparameters of the generator were
modified. In cases 1 and 2, where the generator and dis-
criminator were structurally identical as shown in
Figures 8(a,b), the FID scores were 288.2 and 284.5,
respectively. A reduction in the number of convolu-
tional layer filters in the discriminator (Case 3) resulted
in an FID score of 191.6, which is a decrease of 33.52%
compared to that of the base structure (Case 1). In case
4, which has a reduced number of hidden layers in the
discriminator, FID decreased by 8.3% to 264.4.
However, case 5 is structurally identical to case 1, but
when the learning rates of the generator and discrimi-
nator were set to 0.0002 and 0.0001, respectively, the
FID score decreased by 39.4% to 174.8, which indicates
a more balanced update of both the generator and dis-
criminator. The details of the FID scores and losses for
the entire learning process is shown in Figure 9.
Although the model was optimised properly for a
given data, model optimisation and training process
may be required if the updated data or other types of
data deviate from the existing data distribution.

The loss of the generator and discriminator is displayed
in Figure9(a). Thegenerator lossof cases 1 and2,whichare
structurally symmetrical, converged to 0 after 500 epochs
whereas the discriminator loss diverged asmodel learning
progressed. The generator loss of case 3 converged to 0
from 300 epochs, but both generator and discriminator
losses oscillated after 700 epochs. The generator loss of
case 4 converged to 0.8 from 300 epochs whereas the dis-
criminator loss converged to 0. For case 5, generator and
discriminator losses oscillated, and then converged to 0.2
and 2, respectively, after 700 epochs (Figure S1). The FID
scores of these two cases were worse than other cases,
as shown in Figure 9(b). However, in the case of the asym-
metric model, the generator loss did not converge to 0,
and the FID score was also superior to the symmetric
case. As the FID of case 5 is minimum, the selected
optimal hyperparameters are the same as case 5: the
number of filters in the hidden layer of generator and dis-
criminator is (512, 256, 128, 64) and (64, 128, 256, 512),
respectively, and the learning rate of generator and discri-
minator is 0.0002 and 0.0001, respectively. It is observed
that in Figure 9(b), our optimisedmodel structure displays
an improved FID score for the test set.

VIRTUAL AND PHYSICAL PROTOTYPING 7



3.3 Prediction result

The images of the surface roughness created with this
CGAN are plotted in 3-dimensional profiles (Figures 10
and 11) and the surface roughness prediction was per-
formed using the CGAN with several process conditions
which are given in Table 3. The overall surface rough-
ness and the distribution of the generated image
matched those of the scanned image for both smooth
surfaces (Figure 10) and rough surfaces (Figure 11).
The smooth surfaces cover a large portion of the
uniform surface roughness in the scanned image, with
the surfaces generated by CGAN, displayed in the blue
and green areas, appearing evenly in the specimen.
However, the generated rough surface has white
spaces all over the surface, which are areas outside the
measurement, and surface roughness is generally not
uniform, similar to the actual image. The process con-
ditions through AI guidance were selected as shown in
Table 3, and the prediction and actual formulation

results are shown in Figure 12. As shown in Table 3,
the prediction of conditions 2 and 3 shows different
surface roughness despite slight differences in process
conditions. As shown in the generated image (Figure
10(b)), the expected surface roughness of condition 2
has a uniform and continuous surface at the centre
part, and the surface roughness increases at the edge
of the specimen. However, the expected surface rough-
ness of condition 3 (Figure 11(a)) is discontinuous
overall, similar to the actual specimen manufactured,
and the surface roughness is high not only at the speci-
men edge but also at the centre part. Various virtual
surface morphology prediction results are summarised
in Tables S2 and S3.

3.4 Specimen analysis

As shown in Figure 13, a 3D scanning image and scan-
ning electron microscope (SEM) analysis were employed

Figure 8. Various CGAN architectures for model optimisation: (a) case 1 and 5, (b) case 2, (c) case 3, and (d) case 4. In terms of filter size
of hidden layers, (a, b) show symmetric and balanced structures, while (c, d) show asymmetric structures. Case 1 and 5 have the same
structures but different learning rates. For each case, the (e) selected hyperparameters and (f) FID score with shaded areas, indicate an
error of 5%.
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Figure 9. CGAN model training result: (a) Discriminator loss (D Loss) and generator loss (G loss) and (b) FID score for 5 cases.

Figure 10. (a, b) Generated virtual images and (c, d) scanned images of smooth surfaces that were manufactured from the given
process conditions used in the CGAN. The colourmap indicates the difference between target height and printed height.
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Figure 11. (a, b) Generated virtual images and (c, d) scanned images of rough surfaces that were manufactured from the given
process conditions used in the CGAN.

Table 3. Used process conditions for samples.

Parameter

Figure 10 Figure 11 Figure 12

Condition 1 Condition 2 Condition 3 Condition 4 AI Guidance

Laser power (W) 180 160 160 160 193
Powder feed rate (g/min) 0.5 0.5 0.4 0.4 0.5
Scan speed (mm/min) 960 925 1000 850 919

Figure 12. The virtual surface of AI-guided process condition and experimental fabricated scan surface image

10 T. KIM ET AL.



for the surface analysis of the T and R specimens. The
comparison of the 3D scanned results in Figures 13(a,c)
shows that the R specimen is more uniformly distributed
than the T specimen. In the T specimen with a large
surface roughness, the areas with high and low
heights are referred to as the T-1 and T-2 regions,
respectively. In the R specimen with a low surface rough-
ness, EBSD analysis was performed in area R-1, as shown
in Figure 14.

The EBSD specimens were extracted from the T-1, T-2,
and R-1 regions, as shown in Figure 14, and their image
quality (IQ) maps are shown in Figure S2. Widmanstätten
martensite structures were present in both regions
reflecting the supercooling during solidification. The
cooling rate of the DED process for fabricating Ti–6Al–
4V was above 104 °C/s, which is sufficient to form acicu-
lar microstructures (Qian et al. 2005; Yu et al. 2012). Sec-
ondary columnar grains show a low grain orientation
spread (GOS) value compared to the primary columnar
grains because of the negligible effect of thermal
stress. The texture of the T-1 and T-2 regions had a domi-
nant orientation, with the highest plane being (10�10)
and (3123), whereas no dominant orientation was
formed in the R-1 region. Therefore, the T-1 region
showed a higher solidification rate than the R-1 region.
This reveals that formation of secondary columnar
grains was encouraged in the R-1 region due to higher
solidification rate compared to T-1 region. In the
general method of fabricating Ti–6Al–4V, the liquid
phase first transforms to the β phase and then to the
primary α′-martensite. However, in the DED process,
the β phase at the peak temperatures directly transforms
into another type of fine α′ martensite during cooling.

The growth rate along the axial direction of α′-marten-
site is higher than that in the radial direction, which
means that α′-martensite is highly anisotropic with a
high aspect ratio (Lu et al. 2020; Yadollahi et al. 2017).
In Figure 14(h), the acicular α′-laths martensites are com-
posed of high-angle grain boundaries at approximately
60°. The width and length of the average primary colum-
nar grain in the R-1 region were 4.9 and 76.9 μm,
respectively, which is in the mid-range between the T-
1 (6.2 and 107.5 μm) and T-2 (3.4 and 53.4 μm) regions.

Here, the standard ODF map of Φ2 = 0° and 30° is pre-
sented in Figure 15(a). In the ODFmap ofΦ2 = 0° and 30°,
the arbitrary specimens (T-1 and T-2) have a strong
{0001} 10�10

〈 〉
prismatic texture (□, ○, Δ, ◊) and a rela-

tively weak basal texture. However, the texture charac-
teristics of the CGAN recommended specimen (R-1)
were not strong in the ODF map. In particular, the inten-
sity of the texture was gradually offset from point
(01�10)[2�1�1�1] at the ODF map of Φ2 = 30° (in the order
T-1, T-2, and R-1).

The results show the fractional numbers of columnar
growth angle (α), for the build direction in Figures 16(b,
e,h). The primary columnar grains in the T-1 region were
concentrated at 10°–20°, whereas they are within 20°–
40° in the build direction in the T-2 region. However,
the primary columnar grains in the R-1 region were
located at 30° to the build direction. The primary colum-
nar grains in the T-1 and T-2 regions showed a typical
texture morphology of the hcp structure, whereas
those in the R-1 region had low texture intensity in all
planes. The T-1 region had a strong texture in the
(0001), (10�10), and (11�20) planes. The high cooling rate
of the T-1 region promoted the growth kinetics in the

Figure 13. Comparative analysis of the surface roughness between the product with randomly chosen process conditions (T speci-
men) and the product with thoroughly chosen process conditions following AI recommendation (R specimen). Surface analysis of (a, c)
the 3D scan image and (b, d) scanning electron microscope (SEM) image. (e, f) SEM images of the cross-sectional view of each
specimen.
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primary grains with high texture. Chandramohan et al.
and Sridharan et al. reported that the L-PBF-processed
Ti–6Al–4V alloy had a strong [0001] texture along the
building direction due to the high cooling rate (Chandra-
mohan 2019; Sridharan et al. 2016). Esmaily et al. also
suggested that a strong texture of the basal plane was
formed in the L-PBF processed specimens, and the c-
axis of the hcp structure was almost parallel to the
build direction (Esmaily et al. 2020).

In the T-1 region, the primary columnar grains had the
longest length and the smallest angle (α) in thebuilddirec-
tion, whereas the length and angle (α) of the T-2 region
were relatively lower. This is attributed to the high
cooling rate of the T-1 region compared to the T-2
region because of the higher altitude of the former.
Despite the different morphologies of the primary colum-
nar grains, both regions showed strong textures, as shown
in Figures 16(c,f). In the R-1 region, the length of the
primary columnar grains was shorter, and the angle (α)
was wider than those in the T-1 and T-2 regions. The
weak textures are shown in the (0001), (10�10), and
(11�20) planes. In general, in DED-processed Ti–6Al–4V
alloys, anisotropic properties are inevitably obtained by
the highly textured columnar grain microstructure
formed during solidification. However, in this study, a
weakly textured microstructure is proposed without

strong anisotropic microstructure, using AI. This method
also enables microstructure control of DED-processed Ti–
6Al–4V alloys by obtaining surface roughness image data.

There is still a limitation that this study requires initial
enough experiments as training data, which is also a bot-
tleneck for most AI used in manufacturing fields.
However, once this AI model is developed, it can be
used as a powerful tool to immediately confirm the
surface morphology for a much diverse uncovered
range of process conditions with high accuracy. As the
developed AI can generate various levels of surface
roughness, the developed AI may be also used in gener-
ating hybrid-type surfaces with several different
amounts of roughness for various purposes.

4. Conclusion

In this study, the CGAN-assisted surface morphology
prediction method is developed for Ti-6Al-4V DED
parts by optimisation of neural network structures. The
experimental results and predictions illustrate the effec-
tiveness of the developed CGAN model for choosing the
optimal process conditions for manufacturing metal
parts through AM. The primary conclusions are pre-
sented as follows:

Figure 14. EBSD analysis of arbitrary trial and AI recommended specimen on the cross-sectional view: (a, d) T-1, (b, e) T-2, and (c, f) R-1
regions. Each map shows (a–c) the inverse pole figure (IPF) map and (d–f) grain orientation spread (GOS) map (when the maximum
GOS value is 5.5). (g) Texture analysis of the T-1, T-2, and R-1 specimens. The IPF ranged from 0 to 5, and the pole figure (PF) ranged
from 0 to 30. (h) Chart of the misorientation fraction and table of the primary columnar grain size. In the PF, the T-1, T-2, and R-1
regions have maximum values of 27.462, 22.915, and 18.453, respectively.
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Figure 15. (a) Standard orientation distribution function (ODF) maps of the hexagonal close-packed (HCP): (A) w2 = 0°, (B) w2 = 30° (Fan
et al. 2020). ODFof the T-1, T-2, andR-1 regions for (b)w2 = 0° and (c)w2 = 30°.When the rangeof theODFmap is from0 to 75, themaximum
values of the T-1, T-2, and R-1 regions are 82.954, 66.034, and 53.038, respectively. The texture intensity is the highest in the T-1 region.

Figure 16. The inverse pole figure (IPF) map of (a) T-1, (d) T-2, and (g) R-1 regions showing the angle of the cropped primary columnar
grains. The primary columnar grains have high grain orientation spread (GOS) values between 1.5 and 5.5. (b, e, h) Distribution of
angles between the primary columnar grain and build direction. (c, f, i) pole figure (PF) shows the texture analysis of the primary
columnar grains in the (0001), (10�10), and (11�20) planes. When the PF ranges from 0 to 60, the maximum values of the (c) T-1, (f)
T-2, and (i) R-1 regions are 63.088, 52.186, and 37.399 in the (0001) plane, respectively. The texture intensity is the highest in the
(0001) plane as compared to those in the (10�10) and (11�20) planes.
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1. With the help of the developed AI process with a high
FID score, the virtual surface morphology images of
the Ti-6Al-4V DED part were successfully generated
from identical process conditions.

2. The virtual surface of DED parts matches the printed
metal surface well in terms of appearance and SEM
analysis as well as quantitative study in microstruc-
tural analysis near the surface.

3. The CGAN-assisted quick virtual surface generation
and its corresponding Ti-6Al-4V DED part had an
improved smooth surface with less lack of fusion or
surface defects.

4. Diverse range of DED process parameters can be
quickly checked for their corresponding surface mor-
phology with high accuracy by the developed AI. The
developed methodology using CGAN can also be
used for further studies with side surface, edge, or
curved surface morphology.
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