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Abstract

Wire arc additive manufacturing (WAAM) has gained attention as a feasible process in large-scale metal additive manufacturing due
to its high deposition rate, cost efficiency, and material diversity. However, WAAM induces a degree of uncertainty in the process
stability and the part quality owing to its non-equilibrium thermal cycles and layer-by-layer stacking mechanism. Anomaly detection
is therefore necessary for the quality monitoring of the parts. Most relevant studies have applied machine learning to derive data-
driven models that detect defects through feature and pattern learning. However, acquiring sufficient data is time- and/or resource-
intensive, which introduces a challenge to applying machine learning-based anomaly detection. This study proposes a multisource
transfer learning method that generates anomaly detection models for balling defect detection, thus ensuring quality monitoring
in WAAM. The proposed method uses convolutional neural network models to extract sufficient image features from multisource
materials, then transfers and fine-tunes the models for anomaly detection in the target material. Stepwise learning is applied to
extract image features sequentially from individual source materials, and composite learning is employed to assign the optimal
frozen ratio for converging transferred and present features. Experiments were performed using a gas tungsten arc welding-based
WAAM process to validate the classification accuracy of the models using low-carbon steel, stainless steel, and Inconel.
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1. Introduction to form weld beads on the substrate. The major process param-
eters are travel speed, wire feed speed, and arc current. WAAM
has advantages in deposition rate, material utilization, manufac-
turing cost, and material diversity; however, it has lower precision
thanlaser-based AM (Liu et al., 2020). Furthermore, WAAM has sev-
eral problems, including lack of process stability and repeatability.
These problems must be addressed to enable the broader appli-
cability of WAAM (Jafari et al., 2021).

Process uncertainty results in part quality issues in the WAAM
process. This uncertainty primarily originates from the bead for-
mation mechanism and the repeated melting and solidification
of the feeding material. Beads are thermally deformed and mi-
crostructurally transformed between solid and liquid states due
to the non-equilibrium thermal cycles. Factors such as mate-
rial inhomogeneity, process parameter misassignment, and pro-
cess setup misalignment can also induce uncertainties. These
uncertainties can cause defects, such as pores, cracks, deforma-
tion, lack-of-fusion, oxidation, balling, and delamination (Xia et al.,
2020).

Quality assurance in WAAM is critical because defects induce
issues in geometric dimensioning and tolerancing and poor me-
chanical properties (Liu et al., 2020). The most feasible approach
to mitigate these problems is post-processing treatments, such
as heat treatment, interpass cooling, cold rolling, and peening
(Vimal et al., 2021). However, these post-processes are time- and

Additive manufacturing (AM) is the process of joining materi-
als to make parts from 3D model data, usually layer upon layer
(ISO/ASTM52900:2021). AM facilitates the fabrication of complex
shapes and reduces material waste (Qi et al., 2019). AM processes
include binder jetting, material extrusion, material jetting, pow-
der bed fusion, sheet lamination, vat photopolymerization, and
directed energy deposition (DED; ISO/ASTM52900:2021). Among
them, DED has gained significant attention in the industry, as
it enables high-precision fabrication of metal parts. DED uses
an energy source to melt a feedstock material on a substrate,
and the material is delivered to the energy-focused region (Bikas
et al., 2016). Typical DED sub-processes include laser-engineered
net shaping, laser solid forming, directed light fabrication, direct
metal deposition, electron beam AM, and wire arc additive man-
ufacturing (WAAM; Ngo et al., 2018).

WAAM benefits from arc welding technology, wherein a wired
metal is the feedstock, an electric arc is the energy source, and a
robot is the deposition operator, as shown in Fig. 1. Based on the
energy source, WAAM can be further classified into gas metal arc
welding, plasma arc welding, and gas tungsten arc welding (GTAW;
Ikram & Chung, 2022). In GTAW, a tungsten inert gas (TIG) torch is
attached to the end of the robot arm and supplied with arc energy.
The feeding material is supplied by a wire feeder and deposited
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Figure 1: Schematic of gas tungsten arc welding.

resource-intensive, as they require large workloads. Accordingly,
anomaly detection has emerged as a feasible and promising tech-
nology for quality assurance. Anomaly detection is a solution
that detects abnormalities in processes or parts by discovering
patternsin data that do not accord with a steady notion of normal
behavior (Jin et al., 2019). Anomaly detection ensures reliable qual-
ity performance and reduces the workloads of post-processing
treatment, as it provides automatic defect detection during the
process (Park & Lee, 2022).

The AM community has attempted to develop anomaly detec-
tion algorithms that classify the states as normal and abnormal
(Wang et al., 2020). Machine learning approaches based on sen-
sor data have recently become a widespread tool for anomaly de-
tection since these data can provide vital information related to
heat transfer, thermal transformation, surface formation, struc-
tural characterization, and melt pool dynamics during the process
(Xia et al., 2020). Machine learning enables a computer to derive
mathematical models by learning sensor data to make predictions
without being explicitly programmed (Wang et al., 2020).

However, machine learning demands sufficient data to achieve
high performance (Liu et al., 2020). This is expensive and time-
consuming and may be impeded by technical difficulties because
data acquisition systems should be installed, and the data should
be obtainable and reliable. These problems can become more crit-
ical when the feeding material is new or expensive. Existing ma-
chine learning algorithms can be impractical as a result of these
issues. Therefore, developing a cost-efficient and robust approach
for anomaly detection is necessary.

Transfer learning, a branch of machine learning, is a feasible
solution to this issue. It employs the knowledge extracted from
source domains or tasks and transfers it to a target domain or
task (Pan & Yang, 2009). In this regard, transfer learning enables
the implementation of anomaly detection models for certain ma-
terials using data and models obtained from different materials.
However, transfer learning may cause negative transfer, which
must be avoided because it degrades learning performance in the
target domain (Pan & Yang, 2009). Negative transfer occasionally
occurs in single-source transfer learning due to a data bias ded-
icated to a specific source or a data dissimilarity between the
source and target domains.

This study proposes a multisource transfer learning method to
detect balling defects for quality monitoring in WAAM. The pro-
posed method uses convolutional neural network (CNN) models
to extract image features from two source materials with suffi-
cient data, then transfers and fine-tunes the models to enable
anomaly detection for a target material with insufficient data. In
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addition, the proposed method employs stepwise learning to ex-
tract image features from multiple source materials and compos-
ite learning to variably assign frozen ratios to frozen and unfrozen
layers, in contrast to typical transfer learning. The method'’s input
consists of image-type voltage data, which have been converted
from numerical voltage data to ensure classification accuracy. Its
output is a label representing the normal or abnormal state at the
present datum. Experiments were performed using an in-house
GTAW-based WAAM setup to generate and evaluate models in
terms of classification accuracy using the following three materi-
als: low-carbon steel (LCS), stainless steel 316L (STS), and Inconel
625 (INC).

The remainder of this paper is organized as follows. Section 2.
summarizes related studies, Section 3 describes the experiments
and data, Section 4 presents the method, Section 5 describes the
experimental results, and Section 6 concludes the paper.

2. Related Work
2.1 Physical analysis in GTAW

GTAW 1is a process that deposits weld beads using a non-
consumable tungsten electrode. The arc melts the feeding ma-
terial and base substrate, creating a molten pool that solidifies to
form a metallurgical bond (Cho et al., 2022). Current, travel speed,
and wire feed speed must be appropriately determined, as they
affect the volumetric energy density, which influences bead for-
mation. Equation (1) calculates the volumetric energy density (Qc)
using arc voltage (U) and current (I) and Equation (2) expresses the
actual volume of the material concerning travel speed (Uy,4) and
wire feed speed (Uyr; Lu et al., 2021).

R Ul
T Vaw Vam + Vel

(1)

where Va1is the total volume of materials, P. is the effective in-
put power, Vay is the actual volume of added material, V) is the
surface melting volume under the substrate, and 5 is the arc effi-
ciency.

Vam = AcrossVweld = AwireVwireEwire (2)

where Agss 1S the cross-sectional area of bead, Ay is the cross-
sectional area of welding wire, and &, is the wire material uti-
lization.

From Equations (1) and (2), it can be inferred that an increase
in voltage and current results in an increase in energy density,
whereas an increase in travel speed and wire feed speed leads to
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Figure 2: Behaviors of the molten pool.

a decrease in energy density. During the deposition process, cur-
rent, travel speed, and wire feed speed are constant, while volt-
age depends on the distance between the tungsten electrode tip
and the substrate. Although the average voltage is a typical value,
it does not accurately estimate when the voltage values fluctu-
ate. Equation (3) represents a revision of Equation (1), considering
the voltage values measured at timestamps (i; Derekar, 2018).

UL,
n Zinﬂ (T)

VarL

Qe 3)
Figure 2 presents snapshots of the molten pool behavior. The feed-
ing material starts to melt in front of the arc center and forms a
droplet at the tip of the wire. As the material moves under the arc,
the droplet transition occurs continuously when the molten pool
is positioned below the arc. The size and area of the molten pools
slightly decrease when Q, is reduced. As expressed in Equations
(1) and (2), Q. decreases when the travel and wire feed speeds in-
crease, whereas Q, decreases as the current is reduced. An insuf-
ficient energy density causes incomplete melting of the material,
resulting in the balling effect (Lu et al., 2021). This phenomenon
indicates that the molten material does not form a flat layer but
manifests spherical beads on the surface due to the formation of
separate spherical droplets (Everton et al., 2016). This is regarded
as a severe defect in WAAM, as it deteriorates the surface rough-
ness and creates discontinuities during depositing layers (Qiu et
al., 2020). Balling should therefore be detected through process
monitoring and metrology using sensor data (Everton et al., 2016).

Voltage signals can detect and identify potential balling defects
(Lietal., 2022). Figure 3illustrates the voltage profiles of two beads.
The voltage profile tends to exhibit a stable and smooth pattern
when the beads are well formed, as seen in Fig. 3a. In contrast, the
profile can fluctuate or exhibit instability when the beads are not
well-formed, as shown in Fig. 3b. The arc must be emitted uni-
formly onto the deposition area to sustain a uniform arc length
between the electrode and deposited beads (Vimal et al., 2021).
The arc voltage at a constant current tends to be inversely propor-
tional to the arclength (Xu et al., 2018). Thus, it increases when the
arc length is short during bead formation because of the balling
defects. Conversely, the arc voltage decreases when the arc length
increases in the separated region between the two balling vol-
umes. These disparate data patterns can be crucial for identify-
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ing balling defects in beads. We note that normal and abnormal
beads do not always correspond to normal or abnormal voltage
patterns. Normal and abnormal beads can frequently exhibit un-
expected patterns due to process instability, material impurities,
and uncertainties. This voltage unusability makes it difficult to
derive simple and intuitive models for anomaly detection.

2.2. Transfer learning in additive manufacturing

Machine learning, which requires sufficient data to achieve good
performance, has been widely used for anomaly detection in AM.
However, collecting sufficient data is expensive and challenging
in many cases. Furthermore, data collection is unavailable when
actual machining is not performed because of the deposition of
new materials or part designs (Qin et al., 2022). Transfer learning
is a viable solution to resolve data scarcity by transferring knowl-
edge from the source domains or tasks to the target domain or
task (Colosimo et al., 2018). The following transfer learning terms
are used throughout this study (Pan & Yang, 2009):

® Transfer learning aims to perform the learning task 77 of the
target predictive function fr(-) in a target domain Dr, using
the knowledge in the source domain Ds and learning task 7,
where Ds # Dr, or Ts # Tr.

® Domain (D) comprises feature space X and probability func-
tion P(X). D stands for different feature spaces or marginal
probability distributions owing to the disparate contexts in
which data are created.

® Task (T) consists of label space Y and predictive function f(-).
T denotes learning tasks, such as regression, clustering, clas-
sification, and prediction.

® Source (S) is a knowledge provider D; for the target domain or
a task 7T; for the target task.

® Target (T) is a consumer Dr of preceding knowledge in the
target domain, or a task of interest 7r.

Figure 4 illustrates the two inductive and transductive transfer
learning approaches. Inductive transfer learning induces a predic-
tive model to use in the target domain when 7s # 7t irrespective
of the homogeneity between Ds and Dr. Transductive transfer
learning transduces a predictive model to use in the target do-
main when 7s = 7r but Dg # Dr (Kim et al.,, 2022). The latter is
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Figure 3: Sample voltage profiles (Inconel 625, current: 200 A).

also known as domain adaptation when Xs # X or As = Ar, but
P(Xs) # P(&7).

The AM community has applied transfer learning to two broad
research streams: geometric shape prediction and anomaly detec-
tion. The former aims to improve the shape fidelity of existing and
new products. Chenget al. (2017) proposed a shape deviation mod-
eling scheme using transfer learning in fused deposition modeling
(FDM). They applied transfer learning to infer the deviation of a
new shape from existing deviation models with decomposing the
deviation into shape-independent and shape-specific errors. Zhu
et al. (2018) developed new shape deviation models based on ma-
chine learning in FDM and used transfer learning to predict the
deviation for a given shape, incorporating knowledge from other
shapes. Ferreira et al. (2020) adopted the concept of transfer learn-
ing, called model transfer, to produce predictive models of geo-
metric deviations for the adaptive model building of new shapes
in mask image projection stereolithography. Cheng et al. (2021) de-
veloped a hybrid transfer learning framework that predicts and
compensates in-plane shape deviations of new freeform products
using a few fabricated products.

Transfer learning has been combined with machine learning
to detect, classify, and predict abnormalities. Gonzalez-Val et al.
(2020) suggested CNN-based dilution estimation models by learn-

ing image data in laser metal deposition and used transfer learn-
ing to find defects by adjusting the models to the target laser weld-
ing process. Scime et al. (2020) designed a machine-to-machine
transfer learning method wherein a large amount of labeled data
is available in one machine while a small amount of labeled data
exists in another. They could transfer the knowledge across di-
verse AM machines to detect defects such as recoater hopping
and streaking, incomplete spreading, swelling, spatter, spot, de-
bris, super-elevation, part damage, and porosity. Ho et al. (2021)
derived a porosity prediction model using thermal images of the
melt pool in selective laser melting and applied transfer learn-
ing to improve the prediction accuracy of porosity. Pandiyan et al.
(2022) suggested deep transfer learning to detect balling, lack-of-
fusion, conduction mode, and keyhole pores in laser powder bed
fusion. In their demonstration, the models learned from acoustic
emission signals in stainless steel could be transferred to gener-
ate anomaly detection models for bronze. Their RestNet-18 mod-
els achieved average classification accuracies of 86.9% and 84.3%
using 5200 and 2600 training samples in bronze, respectively,
whereas 5200 samples were trained in stainless steel.

Colosimo et al. (2018) stated that statistical transfer learning
frameworks need to be further developed to avoid data collection
problems in AM. Although the applications of transfer learning
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Figure 4: Transfer learning concept.

in AM have increased, they have rarely been reported in WAAM.
This study was therefore conducted to develop anomaly detec-
tion models for a high-cost material (i.e., target domain) by trans-
ferring CNN-based models obtained from low-cost materials (i.e.,
source domains). Transfer learning was applied for the model
transfer in this study. It enables adopting a well-trained CNN net-
work from the source domains using sufficient data and employ-
ing this network in the target domain. In particular, features were
extracted from the source domains and stored in hidden layers
inside the network. They were then adjusted for normal or abnor-
mal classifications in the target domain.

3. Experiments and Data Preparation

3.1. Experiments

Experiments were performed on a GTAW-based WAAM system, as
illustrated in Fig. 5. Table 1 presents the system configuration. A
TIG torch generates an arc that melts the feeding material and de-
posits a single-layer bead on a substrate, following the path desig-
nated by a robot program created using a robot teaching pendant.
While the torch moves along its trajectory to fabricate a bead, a
voltage sensor measures and records a set of pairwise timestamps
and voltage values. These voltage data are monitored and col-
lected by a data acquisition system. A high-dynamic-range (HDR)

camera attached to the torch captures the bead images. This cam-
era is specialized for arc welding and captures high-quality video
frames at 50 frames per second (fps) in an environment where
sparks and lightning interference commonly occur. These video
frame data are also monitored and collected using a data inter-
face.

The three process parameters were set as (1) 75-300 cm per
minute (cpm) of wire feed speed with an increment of 25, (2) 10—
100 cpm of travel speed with an increment of 10, and (3) 200 am-
peres (A) of the constant current. The two increments were se-
lected because they could give considerable differences in bead
geometry, such as bead height and width, between the current and
two adjacent process parameters. A total of 300 beads were fabri-
cated, 100 for each material (LCS, STS, and INC). Figure 6 presents
examples of the beads single-layered and deposited on the INC.

3.2. Data preparation
3.2.1. Data collection

During the experiments, the voltage and bead image data were
collected as single-layer beads were deposited on the substrate.
While the torch deposited a feeding material along a bead, voltage
data were measured at a time rate of 1 kHz and recorded in a text
file. Simultaneously, the bead image data were measured along a
bead at 50 frames per second (fps) and recorded in a MPEG-4 video
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Figure 5: Experimental setup of wire arc additive manufacturing.

Table 1: System configuration for experiments.

System Sub-system Model Description
Gas tungsten arc welding Robot Fanuc ArcMate 120iC - Move the TIG torch with a six-axis movement
(GTAW)

Controller Fanuc R-30iA - Control the robot

Torch TIG - Operate arc welding as a robot-hand effector

- 70% Argon + 30% Helium shielding gas
- 5 mm arc length

Substrate LCS -30cm x 30 cm x 1.2 cm size
Wire feeder Generic wire feeder - Feed a wire material
Power source Miller Dynasty400 - Supply energy source
Numerical data acquisition Voltage sensor Miller Insight ArcAgent Auto - Measure arc voltage
Voltage data interface Miller Insight Centerpoint - Monitor and acquire arc voltage data
Image data acquisition Vision sensor Weldvis WL2-H7machine - HDR camera for monitoring welding arc,
learning-M35 molten pool, and weld bead images
Camera data interface Elgato Game Capture HD - Capture and record image data

(a) Real beads (b) Beads measured by Hexagon Romer Arm 7525SE|

Figure 6: Examples of single beads.
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file, which was re-partitioned into individual JPEG image files at
50 fps. Each image frame includes the region of metal transfer,
arc shape, and weld pool, as depicted in Fig. 7. In this study, the
voltage data and the bead image data were defined as follows:

® The voltage data indicate time-series voltage data, wherein
each data point comprises a pair of timestamps and a nu-
merical voltage value. A voltage profile is represented by a
line graph where a set of voltage data is plotted on the time
axis along a trajectory, as illustrated in Fig. 3.

® The bead image data represent a set of melt pool image data
captured by the HDR camera and formatted as JPEG files.
These data were used as a reference for labeling the voltage
data.

3.2.2. Voltage image data conversion

Classification from time-series data generally depends on the
model-, distance-, or feature-driven approaches. However, these
approaches have limitations in practice; (1) they require time-
series data to satisfy the stationary assumption, (2) the lengths
of the time series need to be equal, and (3) the feature selection
is difficult without discretization due to information loss (Zhao et
al., 2017). Therefore, the image-based approach is a good substi-
tute for the time series classification. Specifically, CNN is an effec-
tive image-based learning network for extracting image features
automatically from time-series data without prior knowledge (Ko-
prinska et al., 2018).

The time-series voltage data were converted into image-type
data on the time domain. Each time-series voltage profile was con-
verted and partitioned into a series of image snapshots along the
timestamps. Figure 8 illustrates the process of image conversion.
The bandwidth (w) and interval (i) parameters must be identified
to build the image snapshots. These parameters correspond to
the image size and frequency and are changeable. For example,
as shown in Fig. 8, each image was generated consecutively at 1-
second intervals (i = 1) and comprised numerical voltage samples
over a 3-second duration (w = 3). The voltage image data were
generated from the voltage data as specified below.

® The voltage image data represent image-type data converted
from a voltage profile at a given bandwidth and interval. They
were entered as the input to the proposed method. For exam-
ple, Fig. 8 is an example of the voltage image data.

3.2.3. Data labeling

Data labeling should be accompanied by supervised learning,
wherein parameters of the underlying classification scheme are
trained using a dataset with known labels - that is, ground truth —
and the trained classification scheme is estimated by generating
predicted labels for a testing dataset (Gobert et al., 2018). In super-
vised learning, each voltage image datum must be labeled with
a normal, abnormal, or unclassified label for the ground truth.
However, the direct labeling of voltage image data was intuitively
difficult; therefore, indirect labeling was performed. This comes
from the fact that direct labeling by humans for each voltage im-
age datum is difficult. Meanwhile, the appearance of beads pro-
vides explicit decision clues for identifying the ground truth. In
this sense, bead labeling is first performed based on appearance,
bead image labeling is done using bead labels, and voltage image
labeling is then carried out using bead image labels.

The bead labeling stage was performed by two experts, who
evaluated all beads based on appearance and labeled them with
appropriate classifiers. Here, well-formed beads were assigned
as normal, beads that exhibited discontinuities or abnormalities

were classified as abnormal, and beads that showed ambiguity be-
tween the two cases were assigned the unclassified label and ex-
cluded from the training dataset. All labels corresponded to the
ground truth for the training data samples. Figure 9 presents an
example of bead labeling. As shown in Fig. 9a and b, the beads
are labeled normal because they are well-formed. In Fig. 9c and d,
the beads are abnormal due to balling. In Fig. 9e and f, the beads
are unclassified because of their state transition from normal to
abnormal or vice versa on appearance.

The bead image labeling stage was performed using the bead
labels above. All bead image labels corresponded to their respec-
tive bead labels. However, images were labeled as unclassified if
they belonged to the starting and ending points of a bead geome-
try, as they were associated with a travel speed of zero. Figure 10
presents examples of the two beads shown in Fig. 3. As in the
bead labeling stage, all images labeled normal or abnormal were
included in the training dataset, whereas images labeled unclas-
sified were excluded from the training dataset.

The voltage image data stage was performed according to the
bead image labels via time synchronization. As shown in Fig. 11a
and b, the voltage images are classified as normal because their
bead images were labeled as normal. In Fig. 11c, the voltage image
is abnormal because its bead image was abnormal.

3.2.4. Dataset preparation

The training and testing datasets comprising the voltage image
data were prepared for learning and validation. A class imbal-
ance problem frequently manifests during dataset preparation in
a normal-biased environment, as the dataset may have a skewed
ratio of majority to minority samples (Shorten & Khoshgoftaar,
2019). This can negatively affect the classification accuracy ow-
ing to overfitting, which induces a small learning error in training,
but a high prediction error in testing. Oversampling and under-
sampling are two established techniques that mitigate class im-
balance problems. Whereas the former increases the size of the
minority to match the majority, the latter reduces the size of the
majority to match the minority (Somasundaram and Reddy 2016).

As expected, more normal than abnormal voltage image
data were generated in the experiments. Accordingly, under-
sampling was applied to eliminate the class imbalance prob-
lem by excluding some of the normal-labeled beads. Beads
were selected for exclusion under consideration of the balance
between the time required to produce normal and abnormal
beads.

Table 2 lists the number of data samples in the training and
testing datasets. The data samples in each material were obtained
individually from 100 beads per material, as explained in Sec-
tion 3.1. All testing datasets were constructed by a random se-
lection. Each training dataset was further split into training and
validation datasets, using a common ratio of 70:30. The valida-
tion datasets were used to measure the learning errors, which rep-
resent the classification accuracy of the models during learning.
The testing datasets were used to measure the prediction errors,
which indicate the classification accuracy of the models during
use.

4. Proposed Method

This study aims to develop a multisource transfer learning
method that derives anomaly detection models learned from mul-
tiple source materials and applies them to detect balling defects
in a target material. Here, multisource signifies that the source
domain contains two or more than two materials (two mate-
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rials in this study). This multisource approach is necessary to
avoid the negative transfer. Multisources can reduce the risk of
data bias and dissimilarity problems, as mentioned in Section
1, because they can provide the target domain with a positive
possibility of data balance and similarity from the source do-
main. As discussed in Section 3.2.3, the proposed method ac-
counts for a classification problem in supervised learning. It also
accounts for domain adaptation, as although the feature spaces
are equivalent in the source and target domains, their probability
distributions can have a discrepancy owing to the application of
different materials.

4.1. Architecture

Figure 12 illustrates the architecture of the proposed method.
This method employs the stagewise and composite learning ap-

proaches. The stagewise approach involves pre-training a dataset
with the source material and extracting image features from
each source object in sequence without concatenating the two
source datasets. This approach was applied to reduce the train-
ing time and increase the flexibility in configuring source ma-
terials. A single training session is required if a new material
replaces the existing source material. The composite learning
approach variably assigns frozen ratios to frozen and unfrozen
layers to maximize model performance (Wang & Zhang, 2020;
Wang et al., 2020). Composite learning allows the flexible setting
of frozen ratios inside the CNN structure to adaptively converge
the image features of the prior material with those of the current
material.

The proposed method comprises the following processes: (i) in
the first stage, voltage image data of the first source material are
entered into the CNN structure, which extracts image features
from frozen layers; (ii) the extracted image features are trans-
ferred to the second stage; (iii) in the second stage, the transferred
image features are set to image features at frozen layers inside the
CNN; (iv) the voltage image data of the second source material are
entered into unfrozen layers, and image features are extracted; (v)
the extracted image features are transferred to the third stage;
(vi) in the third stage, the image features transferred from the
second stage are set to image features in frozen layers; (vii) volt-
age image data of the target material are adde to the unfrozen
layers, and image features are extracted; (viii) the image features
are fine-tuned toward the target material in the fully-connected
layer; (ix) classification is conducted in the fully-connected layer,
which outputs a higher probability of a normal or abnormal
state.

4.2. Feature extraction

Image features are extracted using a CNN that learns from voltage
image data. An appropriate CNN structure needs to be employed
to extract image features efficiently. We chose DenseNet169
as the feature extractor, as it exhibits superior performance
in image classification by extracting representative image fea-
tures automatically through convolutional layers (Wang et al.,
2020).

Figure 13 illustrates the feature extraction in DenseNet169. The
CNN connects all layers in a feed-forward approach and enables
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Figure 10: Examples of bead image labeling.

both generic and specific feature learning (Tajbakhsh et al., 2016).
The convolution layer comprises convolutional kernels, which
split each image into small slices to extract receptive fields. The
kernels extract spatial features from image data to provide trans-
lation equivariance (Oh et al., 2021). The respective fields tend to
determine global cues as they increase along the feature hierarchy
(Zheng et al., 2016). The pooling layer reduces input dimensional-
ity and provides spatial invariance to the DenseNet structure. The
dense block layer concatenates the features of the preceding lay-
ers and differentiates between the original information and any
new information added to the network (Khan et al., 2020). The fea-
ture maps of all preceding layers become inputs to the subsequent
layer. The transition layer comprises a normalization layer, a rec-
tified linear unit (ReLU), a 1 x 1 convolutional layer,and a 2 x 2 av-
erage pooling layer to perform downsampling to change the sizes
of feature maps. The global average pooling (GAP) layer, located
at the end of the structure, decreases the number of parameters

to generate a global representation of feature maps (Khan et al.,
2020).

4.3. Frozen ratio selection

Composite learning enables the optimization of a frozen ratio
to produce the best classification accuracy in transfer learning.
No learning is performed in the frozen layers, where pre-trained
weights are transferred directly from the preceding stage; mean-
while, learning is performed in the unfrozen layers, where image
features are updated by learning new data (Wang & Zheng, 2020).

The setting of frozen ratios needs to be decided in a heuristic
manner to determine the optimal ratio among the given scenar-
ios. Figure 14 illustrates the process, and Table 3 lists the frozen
ratio settings in the first two stages. These ratios can be assigned
differently for each stage. For example, in Case 3, the frozen layers
encompass convolution and pooling (CP) to GAP in the first stage,
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Figure 11: Examples of voltage image labeling.

Table 2: The number of training and testing data samples.

(a)
(b) Normal

(c)

Normal

Abnormal

100

Training Testing
Training Validation
Material Normal Abnormal Total Normal Abnormal Total Normal Abnormal Total Total
LCS 1224 1385 2609 566 553 1119 2115 1420 3535 7263
STS 1093 844 1937 475 356 831 1328 1332 2660 5428
INC 1128 1379 2507 522 553 1075 1476 1644 3120 6702
Total 3445 3608 7053 1563 1462 3025 4919 4396 9315 19 393

whereas they correspond to CP and the third dense block in the
second stage.

Figure 15 shows the learning procedure for frozen and unfrozen
layers. In the prior stage, features are created in the frozen lay-
ers and transferred to the present stage. In the present stage, the
layers that correspond to those frozen in the prior stage do not
learn because of feature transfer. The following layers, which as-
sociate with the unfrozen layers at the prior stage, combine the
transferred features with the initial set of features of the present
stage. These layers learn the voltage image data acquired from the
present material and derive the output. The loss value of the out-
put is calculated using a loss function through forward propaga-
tion. Features are updated through backpropagation as the num-
ber of epochs increases until the loss value is minimized or satis-
fied (Yamashita et al., 2018).

4.4. Classification

Image features are generated by learning voltage image data in
the source domain. These features are then shared to derive a
transferred model for detecting anomalies in the target domain.
The transferred model learns a feature space shared by the source
and target domains (Yang et al., 2020). This feature space is trans-
mitted to the fully-connected layer, which acts as a decision-
maker for classification in the target domain.

Figure 16 illustrates the classification procedure in the target
domain. Feature extraction is conducted on the frozen layers by

adopting the image features transferred from the source domain.
Meanwhile, learning is performed in the unfrozen layers with new
data from the target material. The GAP layer delivers 1664 output
nodes derived from feature extraction. The fully-connected layer
connects with the output of the preceding layers involved in fea-
ture extraction. Then it classifies each voltage image probabilisti-
cally by establishing a nonlinear combination of selected features
(Khan et al., 2020). This layer uses typical classifiers in machine
learning, such as softmax, support vector machines, and artificial
neural networks. In this study, softmax was used as the classifier,
as expressed in Equation (4),

softmax (x;) = _expx) (4)

 Xjaexp(x)

The fully-connected layer essentially accompanies fine-tuning,
which is a process of training the target domain data to up-
date a set of pre-trained weights to adapt to the target domain
(Tajbakhsh et al., 2016). Fine-tuning enables the implementation
of transfer learning, wherein a small amount of data can be used
for feature extraction and classification in the target domain, even
though a sufficient amount of data is required for feature extrac-
tion in the source domain. The CNN-based model can output a
normal or abnormal classifier from the fully-connected layer. As
expressed in Equation (4), each classifier is determined probabilis-
tically.
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Figure 13: Feature extraction in DenseNet169.

5. Experimental Results

The classification accuracy of the proposed method was vali-
dated using the testing dataset. First, the setting of frozen ratios
was evaluated to determine the frozen ratio that results in the
highest accuracy (see Section 4.3). Next, the classification accu-
racy was evaluated and compared to the existing methods. The
modeling was conducted using Google Colaboratory (Colab) Pro,
a cloud-based service for computer vision-based machine learn-
ing and deep learning (Gujjar et al., 2021). The Colab Pro features

the following specifications: Intel Xeon 2.30GHz CPU, Nvidia P100
GPU, 25.5GB RAM, and Python programming language (Google Col-
laboratory, 2022; https://colab.research.google.com/). Equation 5
mathematically expresses classification accuracy.

classi fication accuracy (%) = 100

the number of data samples correctly classi fied
the number of total data samples

()
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Figure 14: The setting of frozen ratios in transfer learning.

Table 3: Frozen ratio settings.

First stage

Second stage

Case No. Setting Frozen layer Setting Frozen layer
Case 1 A Cp, D1, T1, D2, T2, D3, T3, D4, GAP A CP, D1, T1,D2,T2,D3, T3, D4, GAP
Case 2 A Cp, D1, T1,D2,T2,D3, T3, D4, GAP B CP D1,T1,D2,T2,D3, T3
Case 3 A Cp, D1, T1,D2, T2, D3, T3, D4, GAP C CP, D1,T1,D2, T2
Case 4 B CP,D1,T1,D2,T2,D3, T3 A CP, D1, T1,D2,T2,D3, T3, D4, GAP
Case 5 B CP,D1,T1,D2,T2,D3, T3 B Cp, D1,T1,D2,T2,D3,T3
Case 6 B CP,D1,T1,D2,T2,D3, T3 C CP D1,T1,D2, T2
Case 7 C CP, D1, T1, D2, T2 A CP, D1, T1, D2, T2, D3, T3, D4, GAP
Case 8 C CP, D1,T1,D2,T2 B CP D1,T1,D2,T2,D3, T3
Case 9 C CP, D1, T1, D2, T2 C CP, D1, T1, D2, T2
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Figure 15: Learning procedure at frozen and unfrozen layers.

5.1. Determination of the frozen ratio

Classification accuracy was measured in the nine frozen ratio set-
ting cases listed in Table 3. The results are presented in Table 4.
In the first trial, LCS and STS were used as the first and second
source materials, respectively, while INC was used as the target
material. The percentage in brackets indicates the portion of data
samples in each material dataset used for training. In the second
trial, LCS, INC, and STS were used as the first and second source
materials and the target material, respectively. The hyperparam-

Back propagation

eters include the Adam optimizer, categorical cross-entropy loss
function, 100 epochs, and 32 batch sizes. The epochs and batch
sizes were determined heuristically to avoid overfitting and ex-
cessive learning time.

Because Case 3 achieved the highest classification accuracy
among the nine cases, it was selected as the frozen ratio, which
configured Setting A in the first stage and Setting C in the sec-
ond stage. Hereafter, these settings are used as the default frozen
ratios.
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Figure 16: Classification procedure.

Table 4: Classification accuracy (%) in frozen ratio setting.

Trial 1
First source material: LCS (100%)
Second source material: STS (30%)
Target material: INC (30%)

2 Average
First source material: LCS (100%)
Second source material: INC (30%)
Target material: STS (30%)

Case 1 87.0
Case 2 87.3
Case 3 89.7
Case 4 85.2
Case 5 88.0
Case 6 88.8
Case 7 87.0
Case 8 87.8
Case 9 87.3

86.6 86.8
88.7 88.0
91.5 90.6
87.6 86.4
88.0 88.0
90.1 89.5
83.8 85.4
91.0 89.4
89.7 88.5

5.2. Evaluation of classification accuracy
5.2.1. Comparison with existing methods

Classification accuracy was measured and evaluated for CNN-
based models derived using the proposed method and several ex-
isting methods. Here, LCS and STS were used as the first and sec-
ond source materials, and INC was used as the target material.
This material setting is reasonable because collecting data from
LCS and STS is less expensive than from INC. The hyperparam-
eters include the Adam optimizer, categorical cross-entropy loss
function, 30 epochs, and 16 batch sizes. The baseline models are
defined as follows:

® Thestandard machine learning (S-ML) model was trained and
tested on the target material and provided classification accu-
racy of machine learning in the target material. It was there-
fore useful for a performance comparison between machine
learning and transfer learning.

® The single-source transfer learning (S-TL) model was trained
solely on LCS and transferred to the target material. This
model exemplifies traditional single-source transfer learning.

® The multisource transfer learning (M-TL) model uses the pro-
posed method.

Figure 17 presents the classification accuracy results of the
three models with respect to the increase in the number of data
samples in the second source material. For example, Fig. 17a
presents the classification accuracy when 5% of data samples
were trained in the second source material. The x-axis indicates

the portion of data samples used for training in the target mate-
rial. Here, all data samples of the first source material were used
for training. Figure 18 summarizes the confusion matrix of the
three models when 5% of data samples were used in both the sec-
ond source and the target materials (the leftmost three points in
Fig. 17a). Note that the numbers of total data samples were all
2921 in the three confusion matrix because 199 samples were ex-
cluded from the total samples of 3120 during the testing data pre-
processing. The number of actual normal and abnormal samples
was 1278 and 1643, respectively. The following analytical results
were obtained:

® The S-ML models exhibited an S-curve pattern. The classi-
fication accuracy was lower when fewer data samples were
used. In Fig. 18a, the S-ML model did not show correct
classification, as it correctly classified abnormal samples as
abnormal but incorrectly classified normal images as abnor-
mal. Meanwhile, it exceeds 90% since 20% of the data sam-
ples were used for training. Such S-curve pattern is typical
in machine learning, where classification accuracy substan-
tially improves with an increase in the number of data sam-
ples. The S-curve pattern implies that the number of data
samples was enough to extract features properly from train-
ing data as the models achieved the maximum performance
and showed no more accuracy increase since 20% of data
samples.

® The S-TL models exhibited an average classification accuracy
of 84.1% (minimum 83.3%, maximum 85.2%). This implies
that single-source transfer learning works desirably, even
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Figure 17: Classification accuracy comparison between methods in INC target material.
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S-ML
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Normal 1278
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(b) S-TL model
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Actual value Normal 1128 150
Abnormal 175 1468

(c) M-TL model

Figure 18: Confusion matrix for 5% of data samples in the source and
target materials.

when a small number of data samples is used for training. In
Fig. 18b, the S-TL model misclassified actual normal samples
as abnormal (422) more than abnormal samples as normal
(15).

® The M-TL models scored an average classification accu-
racy of 88.8% (minimum 87.1%, maximum 90.3%) regard-
less of the portion of data samples in the target mate-
rial. In Fig. 18c, the M-TL model exhibited unbiased and
small misclassification, while it misclassified normal sam-
ples as abnormal (150) and abnormal samples as normal
(175). These models show a stable pattern similar to that
of the S-TL models, even when a few data samples of
the second source material are used for training. Signifi-
cantly, the M-TL models achieved a higher classification ac-
curacy than the S-TL model. These results demonstrate that
the proposed method outperforms traditional single-transfer
learning.

5.2.2. Comparison with material-concatenated transfer
learning

Our research team has developed a single-source and material-
concatenated transfer learning method. A similar existing
method was developed to detect balling defects in a target ma-
terial by transferring features extracted from a source material
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(Lee et al., 2021). Figure 19 illustrates the model architecture. Al-
though the prior method exemplifies single-source transfer learn-
ing, it differs from typical single-source transfer learning since it
employs material property features to reflect the characteristics
of melting and solidification, including thermal properties, such
as thermal conductivity, melting point, and specific heat capac-
ity. These features were concatenated with the image features ex-
tracted from single-source transfer learning.

The method above generated the single-source and material-
concatenated transfer learning model (Sm-TL). This model ex-
tracts image features from the source material, transfers them,
and concatenates them with the material property features of the
target material. We used LCS as the the source material and INC
as the target material.

Our proposed method (M-TL) functions as an extension of
Sm-TL that stabilizes and improves model performance. Clas-
sification accuracy was measured in all generated models us-
ing the same data and experimental setup. The feature extrac-
tor is DenseNet169, and the hyperparameters include the Adam
optimizer, categorical cross-entropy loss function, 30 epochs,
and 16 batch sizes. Figure 20 presents the classification ac-
curacies obtained by the S-TL, Sm-TL, and M-TL models. The
blue and red curves represent classification accuracy when 5%
and 30% of the STS data samples were used for training, re-
spectively, and the black line denotes the accuracy of Sm-TL
models.

® The Sm-TL models achieved an overall classification accuracy
of 81.9-89.4%, which exceeds that obtained by traditional S-
TL models. This can result from accounting for the melt-
ing and solidification mechanisms by concatenating material
property features to the image features.

® The Sm-TL models obtained a low classification accuracy of
81.9% when 1% of STS data samples were used. The accuracy
increased when the percentage of STS samples exceeded 3%.
In contrast, the M-TL models achieved classification accura-
cies of 88.4% and 88.2% at 30% and 5% of data samples in STS,
with 1% of data samples in INC, respectively. These results in-
dicate that models generated by the proposed method can ef-
ficiently extract image features even with a few data samples
trained in the target material, thereby ensuring stable classi-
fication accuracy.

5.3. Additional analysis of the classification
accuracy

The classification accuracy was additionally measured and anal-
ysed from diverse perspectives to evaluate the proposed method’s
applicability. The following conditions were analysed: (1) increase
of data samples in the second source material, (2) application of
various DenseNet structures, and (3) application to a low-cost tar-
get material. Note that all data samplesin the first source material
were used for extracting the image features.

(1) Increase of data samples in the second source material.

The classification accuracy was examined with regard to an in-
creasing amount of data samples trained in the second source
material. The following analysis evaluated the effect of the num-
ber of data samples in the second source material (STS) on
the classification accuracy. Table 5 presents the classification
accuracy results for M-TL models trained using 5%, 10%, 30%,
and 100% of the STS data samples. The four models did not
exhibit significant differences. This implies that the proposed

method produces a desirable classification accuracy regardless
of the number of training data samples in the second source
material.

(2) Application of various DenseNet structures

The classification accuracy was also investigated with re-
spect to the use of DenseNet structures, including DenseNet121,
DenseNet169, and DenseNet201. All three are known to be sta-
ble structures. Although they are similar, they employ differ-
ent numbers of parameters in the D3 and D4 layers (Wang &
Zheng, 2020). The hyperparameters include the Adam optimizer,
categorical cross-entropy loss function, 30 epochs, and 32 batch
sizes. The batch sizes were increased from 16 to 32 to avoid over-
fitting.

Table 6 presents the classification accuracy results for all
three DenseNet structures at the frozen ratio settings listed in
Table 3. Because the three structures produced similar accuracy
values, it is difficult to assert the superiority of DensetNet121 and
DenseNet201 to DenseNet169.

(3) Application to a low-cost target material

The classification accuracy was evaluated in Section 5.2 when
LCS and STS were used as the first and second source materials,
and INC was used as the target material. Here, another classifi-
cation accuracy was measured to examine whether the proposed
method could be similarly applied to a different and low-cost tar-
get material. LCS and INC were used as the first and second source
materials, respectively, and STS was used as the target material.
The setting of hyperparameters was identical to those in Section
5.2.1.

Figure 21 presents the classification accuracy results. Similar
to the results in Fig. 17, the M-TL models gained higher classifica-
tion accuracies than the S-TL models when the portions of data
samples were 5% and 10% in the four cases. The similar results
at 5% and 10% data portions in the STS show that the proposed
method can deliver a good classification accuracy in even small
data samples at another target material. However, it was hard to
distinguish a superiority of M-TL or S-TL model performance in
20% and 30% of data samples in the STS, different from the results
in Fig. 17. The difference in results at 20% and 30% data portions
comes from the fact that the settings of frozen ratios and hyper-
parameters were not optimized to the STS but to the INC target
material. This means that frozen ratios and hyperparameters in
modeling need to be tuned and customized to a target material to
produce a high and stable classification accuracy.

6. Discussion
(1) Applicability of multisource transfer learning

The M-TL models achieved an average classification accuracy
of 88.8% across all cases presented in Fig. 17, outperforming the
standard S-TL models by 4.7%. Furthermore, the M-TL models ex-
hibited stable classification accuracy even with 10% (251) of the
data samples trained in the target material.

These results demonstrate that the features learned from the
source domain have high transferability and are transferrable
to the target domain for generalizability. Transferability is re-
ferred to as the generalizability (Yang et al., 2020). The voltage
images that comprise our model’s input data are represented by
a uniformly-colored line profile plotted on the time and voltage
axes. They are simple and homogeneous in visual representa-
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Figure 19: The model architecture of the prior method.
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Figure 20: Classification accuracy results between M-TL and Sm-TL.

Table 5: The classification accuracy with regard to STS data
samples.

Portion (number) of data samples in the target
material

Portion (number)
of data samples
in second source

material 5% (126) 10% (201) 20% (326) 30% (502) Average
5% (97) 90.3 89.6 87.7 88.1 88.9
10% (194) 89.5 89.6 89.7 89.2 89.5
30% (582) 87.5 88.7 88.2 89.2 88.4
100% (1937) 87.3 88.9 88.0 86.6 87.7
Average 88.7 89.2 88.4 88.3 88.6

tion compared with other complex visual data, such as light de-
tection and ranging images in autonomous cars and computed

tomography images in medicine. This endows learned features
with transferability by reflecting the generic phenomena of melt-
ing and solidification. Generalizability facilitates domain adapta-
tion by reducing the data distributional discrepancy between the
source and target domains based on a common feature space.
In particular, we conjecture that the underlying features from
the two source materials provide rigid transferability, as they are
not only sequentially extracted using machine learning but also
complementarily concatenated with a reasonable set of frozen
ratios.

Empirically, we demonstrated the proposed method’s practical-
ity by using it to generate CNN-based anomaly detection mod-
els for a certain target material with different source materials.
Similar results were attained by (Pandiyan et al., 2022), wherein
CNN-based models were derived to detect defects in bronze by
model transfer from stainless steel in laser powder bed fusion. We
therefore believe that transfer learning can be feasible and appli-
cable for implementing material-to-material knowledge transfer
for anomaly detection in WAAM.

(2) Resolving data scarcity in machine learning

Machine learning cannot exhibit high classification accuracy
in a data-scarce environment that frequently occurs in WAAM, as
described in Section 2.2. This should be resolved to deploy ma-
chine learning to anomaly detection in WAAM and can be over-
come by transfer learning and oversampling. Transfer learning, as
the main approach of this study, is a machine learning approach
to transfer the features extracted from source materials to a tar-
get material. Meanwhile, oversampling can also be considered a
data preprocessing technique to resolve data scarcity, although it
is used mainly to mitigate class imbalances (Kim et al., 2023). Over-
sampling increases the number of data samples by augmenting
the data samples modified from the original ones. Table 7 presents
the pros and cons of transfer learning and oversampling. Trans-
fer learning can deliver fine classification accuracy even using
small-sized data; however, it pre-supposes the existence of data
obtained from source materials. Oversampling can be applied eas-
ily using known techniques; however, it may not be feasible if fea-
tures are not extracted correctly from augmented data samples
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Table 6: The classification accuracy (%) in DenseNet structures.
Structure Case 1 Case 2 Case 3 Case 4 Case 5 Case 6 Case 7 Case 8 Case 9 Average
DenseNet121 90.1 91.5 92.1 88.8 89.2 90.8 89.5 92.5 92.1 90.7
DenseNet169 87.0 87.3 89.7 85.2 88.0 88.8 87.0 87.8 87.3 87.6
DenseNet201 92.0 92.0 91.0 89.7 88.6 91.4 838.1 91.2 89.3 90.4
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Figure 21: Classification accuracy comparison between methods in STS target material.

due to their irrelevant representation. Hence, choosing a solution
to overcome data scarcity is necessary, considering data charac-
teristics, model performances, and application environments.

(3) Usage scenarios of the proposed method

The proposed method can be applied to detect balling defects
for quality monitoring in WAAM when data are scarce or unavail-
able. This application can be practical, particularly when no in-
formation about anomaly detection exists for depositing a new
material.

Expectedly, the proposed method can be applied to real-time
control and process parameter optimization for quality assur-
ance, although they are out-of-scope of this study. The proposed
method can be integrated with real-time control for the in situ
conversion to normality from abnormality. Real-time control en-

ables a machine to calibrate process parameters adaptively to
reduce the difference between intended and unintended quality
performance. Furthermore, the proposed method can be consid-
ered a modeling technique for optimizing process parameters in
terms of quality in WAAM. The process parameter optimization
aims to eliminate or minimize the appearance of abnormality
during the bead deposition by determining the best process pa-
rameters proactively in the process planning phase. The proposed
method can contribute to generating anomaly detection models
flexibly without the restriction of data scarcity.

7. Conclusions

The following conclusions have been drawn from this study:
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Table 7: Pros and cons of transfer learning and oversampling.

Type Pros Cons

- Should have data obtained
from source materials

- Cannot outperform
machine learnig models in
data sufficiency

- Should design model
architecture

- Be useful when data
collection is expensive

- Make good model
performance using
small-sized data

- Allow to set various
materials as a target

- Be applicable when
oversampling is not feasible
Oversampling - Make high model - Should have data obtained
performance from a target material

- Avoid information loss in - Should analyse original
original data data to check availability of
- Be applicable easily using oversampling

techniques (e.g., data - Induce overfitting
augmentation, Synthetic ~ problems

Minority Over-sampling

Technique)

Transfer
learning

® A multisource transfer learning method was developed to
detect balling defects for quality monitoring in WAAM.
This method generates anomaly detection models for a tar-
get material by transferring the knowledge learned from
voltage image data to two different source materials. Specif-
ically, the proposed method converts numeric-type voltage
data to image-type voltage data for the CNN input, extracts
image features from source materials using the CNN struc-
ture with a variable frozen ratio setting, transfers the image
features to the target material, applies the CNN again to ex-
tractimage features from the target material, and finally fine-
tunes and creates the transfer learning model that classifies
each voltage image with a normal or abnormal label.

® Experiments were performed in a GTAW-based WAAM system
using the LCS, STS, and INC materials. In the experiments,
the DenseNet169-based M-TL models achieved a minimum
classification accuracy of 87.1%, and a maximum of 90.3%,
when 20%-10% and 5%-5% of data samples were used for
training in the second source material (STS) and target
material (INC). Furthermore, the M-TL models produced
good and stable classification accuracies of 88.4%,
89.5%, and 90.3% when 1%, 3%, and 5% of the data
samples, respectively, were used for training in the tar-
get material under 5% of the data samples in the STS
source material. These values are slightly higher than
the corresponding 81.9%, 89.5%, and 86.7% accuracies
obtained by the Sm-TL models, which were derived
from single-source and material-concatenated transfer
learning.

We expect the proposed method to provide cost efficiency in
developing anomaly detection models in WAAM based on mul-
tisource transfer learning, which has rarely been attempted. Be-
cause data collection in this field is generally expensive and time-
consuming, this approach would be even more practical when
high-cost materials (e.g., tungsten and molybdenum) must be de-
posited. The difficulty of data collection and the unavailability
of machine learning are critical problems. The proposed method
therefore functions as a cost-efficient alternative for machine
learning-based anomaly detection, as it transfers information

from sufficient data in low-cost materials to insufficient data in
high-cost materials.

However, as training data increased, the proposed method did
not achieve higher classification accuracy than machine learn-
ing. This was expected due to the nature of transfer learning, as
underlying image features cannot match exactly with those of
the target domain. In addition, only three materials were tested
because of the limited experimental environment. This study
demonstrated the feasibility of the proposed method by applying
it to the two target materials, including INC and STS. The num-
ber of materials was relatively small in the experiments; thus,
further investigations using more materials are required to ver-
ify the practicality of the proposed method. Moreover, measuring
the learning time was out of the scope of this study. Minimizing
learning time is critical to ensure in-situ quality monitoring in
WAAM.

We plan to implement a hybrid anomaly detection algorithm
that applies both machine learning and transfer learning to be
adaptively selected, depending on the amount of data. Such a sys-
tem is expected to support expert decisions. In addition, we aim to
establish in-situ quality monitoring in WAAM using this approach.
In addition, we plan to develop a learning-based process plan-
ning approach that predicts and optimizes performance quality.
This objective will necessitate a thorough investigation of the re-
lationships between process parameters and quality performance
in WAAM.
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