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Abstract 

Wir e arc additi v e man ufacturing (WAAM) has gained attention as a feasible process in large-scale metal additive manufacturing due 
to its high deposition r ate , cost efficiency, and material di v ersity. Howev er, WAAM induces a degr ee of uncertainty in the process 
stability and the part quality owing to its non-equilibrium thermal cycles and la yer-b y-la yer stacking mechanism. Anomaly detection 

is ther efor e necessar y for the quality monitoring of the parts. Most r elev ant studies hav e applied machine learning to deri v e data- 
dri v en models that detect defects through feature and pattern learning. However, acquiring sufficient data is time- and/or resource- 
intensi v e , whic h 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 neur al netw ork 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. 

Ke yw or ds: wire ar c additi v e man ufacturing, anomal y detection, transfer learning, conv olutional neur al netw orks, domain adaptation 
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1. Introduction 

Ad diti ve man ufacturing (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, v at photopol ymerization, and 

dir ected ener gy 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 deliv er ed 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 ad diti ve man- 
ufacturing (WAAM; Ngo et al ., 2018 ). 

WAAM benefits from arc welding tec hnology, wher ein 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 
w elding, plasma ar c w elding, and gas tungsten ar c w elding (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 
(  

Recei v ed: Mar c h 19, 2023. Revised: June 23, 2023. Accepted: June 24, 2023 
© The Author(s) 2023. Published by Oxford Uni v ersity Pr ess on behalf of the Society
distributed under the terms of the Cr eati v e Commons Attribution-NonCommercia
non-commer cial re-use , distribution, and r e pr oduction in any medium, pr ovided th
journals.permissions@oup.com 
o form weld beads on the substrate . T he major process param-
ters ar e tr av el speed, wir e feed speed, and arc current. WAAM
as adv anta ges in deposition rate, material utilization, manufac-
uring cost, and material diversity; ho w ever, it has lo w er precision
han laser-based AM (Liu et al ., 2020 ). Furthermore, WAAM has sev-
r al pr oblems, including lac k of pr ocess stability and r epeatability.
hese problems must be addressed to enable the broader appli-
ability of WAAM (Jafari et al ., 2021 ). 

Process uncertainty results in part quality issues in the WAAM
rocess . T his uncertainty primarily originates from the bead for-
ation mechanism and the repeated melting and solidification 

f the feeding material. Beads are thermally deformed and mi-
r ostructur all y tr ansformed between solid and liquid states due
o the non-equilibrium thermal cycles. Factors such as mate- 
ial inhomogeneity, process parameter misassignment, and pro- 
ess setup misalignment can also induce uncertainties . T hese
ncertainties can cause defects, such as por es, cr ac ks, deforma-
ion, lack-of-fusion, oxidation, balling, and delamination (Xia et al .,
020 ). 

Quality assurance in WAAM is critical because defects induce 
ssues in geometric dimensioning and tolerancing and poor me- 
 hanical pr operties (Liu et al ., 2020 ). The most feasible a ppr oac h
o mitigate these problems is post-processing treatments, such 

s heat tr eatment, inter pass cooling, cold r olling, and peening
Vimal et al ., 2021 ). Ho w e v er, these post-pr ocesses ar e time- and
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Figure 1: Schematic of gas tungsten arc welding. 
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 esource-intensiv e, as they r equir e lar ge w orkloads. Accor dingly,
nomaly detection has emerged as a feasible and promising tech-
ology for quality assur ance. Anomal y detection is a solution
hat detects abnormalities in processes or parts by discovering
atterns in data that do not accord with a steady notion of normal
ehavior (Jin et al ., 2019 ). Anomaly detection ensur es r eliable qual-

ty performance and reduces the workloads of post-processing
r eatment, as it pr ovides automatic defect detection during the
r ocess (P ark & Lee, 2022 ). 

The AM community has attempted to de v elop anomal y detec-
ion algorithms that classify the states as normal and abnormal
Wang et al ., 2020 ). Machine learning approaches based on sen-
or data have recently become a widespread tool for anomaly de-
ection since these data can provide vital information related to
eat transfer, thermal transformation, surface formation, struc-
ur al c har acterization, and melt pool dynamics during the pr ocess
Xia et al ., 2020 ). Machine learning enables a computer to derive

athematical models by learning sensor data to make predictions
ithout being explicitly programmed (Wang et al ., 2020 ). 
Ho w e v er, mac hine learning demands sufficient data to ac hie v e

igh performance (Liu et al ., 2020 ). This is expensive and time-
onsuming and may be impeded by technical difficulties because
ata acquisition systems should be installed, and the data should
e obtainable and reliable . T hese problems can become more crit-

cal when the feeding material is new or expensive. Existing ma-
hine learning algorithms can be impractical as a result of these
ssues . T her efor e, de v eloping a cost-efficient and robust approach
or anomaly detection is necessary. 

Transfer learning, a branch of machine learning, is a feasible
olution to this issue. It employs the knowledge extracted from
ource domains or tasks and transfers it to a target domain or
ask (Pan & Yang, 2009 ). In this r egard, tr ansfer learning enables
he implementation of anomaly detection models for certain ma-
erials using data and models obtained from different materials.
o w e v er, tr ansfer learning may cause negative transfer, which
ust be avoided because it degrades learning performance in the

ar get domain (P an & Yang, 2009 ). Negativ e tr ansfer occasionall y
ccurs in single-source transfer learning due to a data bias ded-

cated to a specific source or a data dissimilarity between the
ource and target domains. 

This study proposes a multisource transfer learning method to
etect balling defects for quality monitoring in WAAM. The pro-
osed method uses convolutional neural network (CNN) models
o extract image features from two source materials with suffi-
ient data, then transfers and fine-tunes the models to enable
nomaly detection for a target material with insufficient data. In
ddition, the proposed method employs stepwise learning to ex-
r act ima ge featur es fr om m ultiple source materials and compos-
te learning to v ariabl y assign fr ozen r atios to fr ozen and unfr ozen
a yers , in contrast to typical transfer learning. The method’s input
onsists of image-type voltage data, which have been converted
rom numerical voltage data to ensure classification accuracy. Its
utput is a label r epr esenting the normal or abnormal state at the
resent datum. Experiments were performed using an in-house
TA W-based W AAM setup to gener ate and e v aluate models in

erms of classification accuracy using the following three materi-
ls: low-carbon steel (LCS), stainless steel 316L (STS), and Inconel
25 (INC). 

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

. Related Work 

.1 Physical analysis in GT A W 

TAW is a process that deposits weld beads using a non-
onsumable tungsten electrode . T he arc melts the feeding ma-
erial and base substr ate, cr eating a molten pool that solidifies to
orm a metallurgical bond (Cho et al ., 2022 ). Current, travel speed,
nd wire feed speed must be appropriately determined, as they
ffect the volumetric ener gy density, whic h influences bead for-
ation. Equation ( 1 ) calculates the volumetric energy density ( Q e )

sing arc voltage ( U) and current ( I) and Equation ( 2 ) expresses the
ctual volume of the material concerning tr av el speed ( v weld ) and
ire feed speed ( v wire ; Lu et al ., 2021 ). 

Q e = 

P e 
V ALL 

= 

ηUI 
V AM 

+ V po o l 
(1)

here V ALL is the total volume of materials, P e is the effective in-
ut po w er, V AM 

is the actual v olume of added material, V po o l is the
urface melting volume under the substrate, and η is the arc effi-
iency. 

V AM 

= A cross v weld = A wire v wire ξwire (2)

here A cross is the cross-sectional area of bead, A wire is the cross-
ectional area of welding wire, and ξwire is the wire material uti-
ization. 

From Equations ( 1 ) and ( 2 ), it can be inferred that an increase
n voltage and current results in an increase in energy density,
hereas an increase in travel speed and wire feed speed leads to
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Figur e 2: Beha viors of the molten pool. 
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a decrease in energy density. During the deposition process, cur- 
r ent, tr av el speed, and wire feed speed are constant, while volt- 
age depends on the distance between the tungsten electrode tip 

and the substrate. Although the av er a ge volta ge is a typical value,
it does not accur atel y estimate when the voltage values fluctu- 
ate. Equation ( 3 ) r epr esents a r e vision of Equation ( 1 ), considering 
the voltage values measured at timestamps ( i ; Derekar, 2018 ). 

Q e = 

η
∑ n 

i =1 

(
U i I i 
n 

)

V ALL 
(3) 

Figure 2 presents snapshots of the molten pool beha vior. T he 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 dr oplet tr ansition occurs continuousl y when the molten pool 
is positioned below the arc. The size and area of the molten pools 
slightl y decr ease when Q e is r educed. As expr essed in Equations 
( 1 ) and ( 2 ), Q e decreases when the travel and wire feed speeds in- 
cr ease, wher eas Q e decr eases as the curr ent is r educed. 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 
separ ate spherical dr oplets (Ev erton et al ., 2016 ). This is regarded 

as a se v er e defect in WAAM, as it deteriorates the surface rough- 
ness and creates discontinuities during depositing layers (Qiu et 
al ., 2020 ). Balling should ther efor e be detected through process 
monitoring and metrology using sensor data (Everton et al ., 2016 ).

Voltage signals can detect and identify potential balling defects 
(Li et al ., 2022 ). Figure 3 illustrates 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. 3 a. In contrast, the 
profile can fluctuate or exhibit instability when the beads are not 
w ell-formed, as sho wn in Fig. 3 b. The ar c 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 ar c v olta ge at a constant curr ent tends to be inv ersel y pr opor- 
tional to the arc length (Xu et al ., 2018 ). T hus , it increases when the 
arc length is short during bead formation because of the balling 
defects . Con v ersel y, the arc volta ge decr eases when the arc length 

increases in the separated region between the two balling vol- 
umes . T hese disparate data patterns can be crucial for identify- 
ng balling defects in beads. We note that normal and abnormal
eads do not always correspond to normal or abnormal voltage 
atterns. Normal and abnormal beads can fr equentl y exhibit un-
xpected patterns due to process instability, material impurities,
nd uncertainties . T his voltage un usability mak es it difficult to
erive simple and intuitive models for anomaly detection. 

.2. Transfer learning in additi v e manufacturing 

ac hine learning, whic h r equir es sufficient data to ac hie v e good
erformance, has been widely used for anomaly detection in AM.
o w e v er, collecting sufficient data is expensive and challenging

n man y cases. Furthermor e, data collection is unavailable when
ctual machining is not performed because of the deposition of
ew materials or part designs (Qin et al ., 2022 ). Transfer learning

s a viable solution to r esolv e data scarcity by transferring knowl-
dge from the source domains or tasks to the target domain or
ask (Colosimo et al ., 2018 ). The following transfer learning terms
re used throughout this study (Pan & Yang, 2009 ): 

� Transfer learning aims to perform the learning task T T of the
tar get pr edictiv e function f T (·) in a target domain D T , using
the knowledge in the source domain D s and learning task T s ,
where D s � = D T , or T S � = T T . 

� 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 pr edictiv e function f (·) .

T denotes learning tasks, such as regression, clustering, clas- 
sification, and prediction. 

� Source ( S ) is a knowledge provider D s for the target domain or
a task T s for the target task. 

� Target ( T ) is a consumer D T of preceding knowledge in the
target domain, or a task of interest T T . 

Figure 4 illustrates the two inductive and transductive transfer 
earning a ppr oac hes. Inductiv e tr ansfer learning induces a predic-
ive model to use in the target domain when T S � = T T irrespective
f the homogeneity between D s and D T . Tr ansductiv e tr ansfer
earning transduces a predictive model to use in the target do-

ain when T S = T T but D s � = D T (Kim et al ., 2022 ). The latter is
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Figure 3: Sample voltage profiles (Inconel 625, current: 200 A). 
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lso known as domain adaptation when X S � = X T or X S = X T , but
( X S ) � = P( X T ) . 

The AM community has applied transfer learning to two broad
 esearc h str eams: geometric sha pe pr ediction and anomal y detec-
ion. The former aims to impr ov e the sha pe fidelity of existing and
e w pr oducts. Cheng et al. ( 2017 ) pr oposed a sha pe de viation mod-
ling scheme using transfer learning in fused deposition modeling
FDM). They a pplied tr ansfer learning to infer the de viation of a
e w sha pe fr om existing de viation models with decomposing the
e viation into sha pe-independent and sha pe-specific err ors. Zhu
t al. ( 2018 ) de v eloped ne w sha pe de viation models based on ma-
hine learning in FDM and used transfer learning to predict the
eviation for a given shape, incorporating knowledge from other
hapes . F erreira et al. ( 2020 ) adopted the concept of transfer learn-
ng, called model tr ansfer, to pr oduce pr edictiv e models of geo-

etric deviations for the adaptive model building of new shapes
n mask image projection stereolithography. Cheng et al. ( 2021 ) de-
eloped a hybrid transfer learning framework that predicts and
ompensates in-plane shape deviations of new freeform products
sing a few fabricated products. 

Transfer learning has been combined with machine learning
o detect, classify, and predict abnormalities. Gonzalez-Val et al.
 2020 ) suggested CNN-based dilution estimation models by learn-
ng image data in laser metal deposition and used transfer learn-
ng to find defects by adjusting the models to the target laser weld-
ng process. Scime et al. ( 2020 ) designed a mac hine-to-mac hine
ransfer learning method wherein a large amount of labeled data
s available in one machine while a small amount of labeled data
xists in another. They could transfer the knowledge across di-
 erse AM mac hines to detect defects suc h as r ecoater hopping
nd streaking, incomplete spreading, swelling, spatter, spot, de-
ris, super-ele v ation, part dama ge, and por osity. Ho et al. ( 2021 )
eriv ed a por osity pr ediction model using thermal ima ges of the
elt pool in selective laser melting and applied transfer learn-

ng to impr ov e the pr ediction accur acy of por osity. P andiyan et al.
 2022 ) suggested deep transfer learning to detect balling, lack-of-
usion, conduction mode, and k e yhole pores in laser powder bed
usion. In their demonstration, the models learned from acoustic
mission signals in stainless steel could be tr ansferr ed to gener-
te anomaly detection models for bronze . T heir RestNet-18 mod-
ls ac hie v ed av er a ge classification accur acies of 86.9% and 84.3%
sing 5200 and 2600 training samples in bronze, respectively,
hereas 5200 samples were trained in stainless steel. 
Colosimo et al. ( 2018 ) stated that statistical transfer learning

r ame works need to be further de v eloped to avoid data collection
roblems in AM. Although the applications of transfer learning
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Figure 4: Transfer learning concept. 
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in AM have increased, they have rarely been reported in WAAM.
This study was ther efor e conducted to de v elop anomal y 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 tar get domain. In particular, featur es wer e 
extr acted fr om 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 torc h gener ates 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 volta ge v alues . T hese volta ge data ar e monitor ed and col- 
lected by a data acquisition system. A high-dynamic-range (HDR) 
amer a attac hed to the torc h ca ptur es the bead ima ges . T his cam-
ra is specialized for arc welding and ca ptur es high-quality video
rames at 50 frames per second (fps) in an environment where
parks and lightning interfer ence commonl y occur. These video
r ame data ar e also monitor ed and collected using a data inter-
ace. 

The three process parameters were set as (1) 75–300 cm per
inute (cpm) of wire feed speed with an increment of 25, (2) 10–

00 cpm of tr av el speed with an increment of 10, and (3) 200 am-
eres (A) of the constant current. The two increments were se-

ected because they could giv e consider able differ ences in bead
eometry, such as bead height and width, between the current and
wo adjacent pr ocess par ameters. A total of 300 beads were fabri-
ated, 100 for each material (LCS , STS , and INC). Figure 6 presents
xamples of the beads single-layered and deposited on the INC. 

.2. Da ta prepar a tion 

.2.1. Data collection 

uring the experiments, the voltage and bead image data were 
ollected as single-layer beads were deposited on the substrate.
hile the torch deposited a feeding material along a bead, voltage

ata wer e measur ed at a time rate of 1 kHz and recorded in a text
le. Sim ultaneousl y, the bead ima ge data wer e measur ed along a
ead at 50 frames per second (fps) and recorded in a MPEG-4 video
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Figure 5: Experimental setup of wire arc ad diti ve man ufacturing. 

Table 1: System configuration for experiments. 

System Sub-system Model Description 

Gas tungsten arc welding 
(GTAW) 

Robot Fanuc ArcMate 120iC - Move the TIG torch with a six-axis movement 

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 - 30 cm × 30 cm × 1.2 cm size 
Wire feeder Generic wire feeder - Feed a wire material 
Po w er sour ce 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 
learning-M35 

- HDR camera for monitoring welding arc, 
molten pool, and weld bead images 

Camera data interface Elgato Game Ca ptur e HD - Ca ptur e and r ecord ima ge data 

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,
ar c shape, and w eld pool, as de picted in Fig. 7 . In this stud y, 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 volta ge v alue. A volta ge pr ofile is r epr esented by a 
line gr a ph wher e a set of volta ge data is plotted on the time 
axis along a trajectory, as illustrated in Fig. 3 . 

� The bead image data r epr esent a set of melt pool image data 
ca ptur ed by the HDR camera and formatted as JPEG files.
These data were used as a r efer ence for labeling the voltage 
data. 

3.2.2. Voltage image data conversion 

Classification from time-series data generally depends on the 
model-, distance-, or featur e-driv en a ppr oac hes. Ho w e v er, these 
a ppr oac hes hav e limitations in pr actice; (1) they r equir e 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 ). Ther efor e, the ima ge-based a ppr oac h is a good substi- 
tute for the time series classification. Specifically, CNN is an effec- 
tiv e ima ge-based learning network for extr acting ima ge featur es 
automaticall y fr om 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 ima ge sna pshots . T hese 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 
gener ated fr om the volta ge data as specified below. 

� The voltage image data represent image-type data converted 

fr om a volta ge pr ofile at a gi ven band width and interval. The y 
wer e enter ed as the input to the pr oposed 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, 
wher ein par ameters of the underl ying classification sc heme ar e 
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.
Ho w e v er, the dir ect labeling of volta ge ima ge data was intuitiv el y
difficult; ther efor e, indir ect labeling was performed. This comes 
from the fact that direct labeling by humans for each voltage im- 
age datum is difficult. Meanwhile, the a ppear ance of beads pro- 
vides explicit decision clues for identifying the ground truth. In 

this sense, bead labeling is first performed based on a ppear ance,
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 
e v aluated all beads based on a ppear ance and labeled them with 

a ppr opriate classifiers. Her e, w ell-formed beads w ere assigned 

as normal, beads that exhibited discontinuities or abnormalities 
ere classified as abnormal, and beads that sho w ed ambiguity be-
w een the tw o cases w ere assigned the unclassified label and ex-
luded from the training dataset. All labels corresponded to the
round truth for the training data samples. Figure 9 presents an
xample of bead labeling. As shown in Fig. 9 a and b, the beads
re labeled normal because they are well-formed. In Fig. 9 c and d,
he beads are abnormal due to balling. In Fig. 9 e and f, the beads
re unclassified because of their state transition from normal to
bnormal or vice versa on appearance. 

The bead image labeling stage was performed using the bead
abels abo ve . All bead image labels corresponded to their respec-
ive bead labels. Ho w ever, images w ere labeled as unclassified if
hey belonged to the starting and ending points of a bead geome-
ry, as they were associated with a travel speed of zero. Figure 10
resents examples of the two beads shown in Fig. 3 . As in the
ead labeling stage, all images labeled normal or abnormal were 

ncluded in the training dataset, whereas images labeled unclas- 
ified were excluded from the training dataset. 

The voltage image data stage was performed according to the
ead image labels via time sync hr onization. As shown in Fig. 11 a
nd b, the voltage images are classified as normal because their
ead ima ges wer e labeled as normal. In Fig. 11 c, the volta ge ima ge

s abnormal because its bead image was abnormal. 

.2.4. Dataset preparation 

he training and testing datasets comprising the voltage image 
ata wer e pr epar ed for learning and validation. A class imbal-
nce pr oblem fr equentl y manifests during dataset pr epar ation in
 normal-biased environment, as the dataset may have a skewed
atio of majority to minority samples (Shorten & Khoshgoftaar,
019 ). This can negativ el y affect the classification accur ac y o w-
ng to ov erfitting, whic h induces a small learning error in training,
ut a high prediction error in testing. Oversampling and under-
ampling are two established techniques that mitigate class im- 
alance pr oblems. Wher eas the former incr eases the size of the
inority to match the majority, the latter reduces the size of the
ajority to match the minority (Somasundaram and Red d y 2016 ).
As expected, more normal than abnormal voltage image 

ata wer e gener ated in the experiments. Accordingl y, under-
ampling was applied to eliminate the class imbalance prob- 
em by excluding some of the normal-labeled beads. Beads 
ere selected for exclusion under consideration of the balance 
etween the time r equir ed to pr oduce normal and abnormal
eads. 

Table 2 lists the number of data samples in the training and
esting datasets . T he data samples in each material were obtained
ndividuall y fr om 100 beads per material, as explained in Sec-
ion 3.1. All testing datasets were constructed by a random se-
ection. Eac h tr aining dataset was further split into tr aining and
alidation datasets, using a common ratio of 70:30. The valida-
ion datasets were used to measure the learning errors, which rep-
esent the classification accuracy of the models during learning.
he testing datasets were used to measure the prediction errors,
hich indicate the classification accuracy of the models during 
se. 

. Proposed Method 

his study aims to de v elop a multisource transfer learning
ethod that derives anomaly detection models learned from mul- 

iple source materials and applies them to detect balling defects
n a target material. Here, multisource signifies that the source
omain contains two or more than two materials (two mate- 
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Figure 7: HDR image of the WAAM process. 

Figure 8: Example of image conversion. 
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ials in this study). This m ultisource a ppr oac h is necessary to
void the negativ e tr ansfer. Multisources can reduce the risk of
ata bias and dissimilarity problems, as mentioned in Section
, because they can provide the target domain with a positive
ossibility of data balance and similarity from the source do-
ain. As discussed in Section 3.2.3, the proposed method ac-

ounts for a classification problem in supervised learning. It also
ccounts for domain adaptation, as although the feature spaces
r e equiv alent in the source and tar get domains, their pr obability
istributions can have a discrepancy owing to the application of
ifferent materials. 

.1. Architecture 

igure 12 illustrates the architecture of the proposed method.
his method employs the sta ge wise and composite learning ap-
r oac hes . T he sta ge wise a ppr oac h involv es pr e-tr aining a dataset
ith the source material and extracting image features from

ach source object in sequence without concatenating the two
ource datasets . T his a ppr oac h was a pplied to r educe the tr ain-
ng time and increase the flexibility in configuring source ma-
erials. A single training session is required if a new material
eplaces the existing source material. The composite learning
 ppr oac h v ariabl y assigns fr ozen r atios to fr ozen and unfr ozen
ayers to maximize model performance (Wang & Zhang, 2020 ;

ang et al ., 2020 ). Composite learning allows the flexible setting
f frozen ratios inside the CNN structure to adaptively converge
he image features of the prior material with those of the current

aterial. 
The proposed method comprises the following processes: (i) in

he first sta ge, volta ge ima ge data of the first source material ar e
ntered into the CNN structure, which extracts image features
r om fr ozen layers; (ii) the extr acted ima ge featur es ar e tr ans-
erred to the second stage; (iii) in the second stage, the transferred
ma ge featur es ar e set to ima ge featur es at fr ozen layers inside the
NN; (iv) the voltage image data of the second source material are
nter ed into unfr ozen la yers , and ima ge featur es ar e extr acted; (v)
he extracted image features are transferred to the third stage;
vi) in the third sta ge, the ima ge featur es tr ansferr ed fr om the
econd stage are set to image features in frozen layers; (vii) volt-
 ge ima ge data of the tar get material ar e adde to the unfr ozen
a yers , and ima ge featur es ar e extr acted; (viii) the ima ge featur es
re fine-tuned to w ar d the tar get material in the full y-connected
ayer; (ix) classification is conducted in the fully-connected layer,
hich outputs a higher probability of a normal or abnormal

tate. 

.2. Fea ture extr action 

ma ge featur es ar e extr acted using a CNN that learns fr om volta ge
mage data. An appropriate CNN structure needs to be emplo y ed
o extr act ima ge featur es efficientl y. We c hose DenseNet169
s the feature extractor, as it exhibits superior performance
n image classification by extracting re presentati ve image fea-
ur es automaticall y thr ough con volutional la yers (Wang et al .,
020 ). 

Figur e 13 illustr ates the featur e extr action in DenseNet169. The
NN connects all layers in a feed-forw ar d a ppr oac h and enables
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Figure 9: Examples of bead labeling. 

Figure 10: Examples of bead image labeling. 
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both generic and specific feature learning (Tajbakhsh et al ., 2016 ).
T he con volution la yer comprises con volutional kernels , which 

split each image into small slices to extract rece pti ve fields . T he 
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 . T he 
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- 
tur e ma ps of all preceding layers become inputs to the subsequent 
la yer. T he transition la yer comprises a normalization layer, a rec- 
tified linear unit (ReLU), a 1 × 1 convolutional layer, and a 2 × 2 av- 
er a ge pooling layer to perform downsampling to change the sizes 
of featur e ma ps . T he global a v er a ge pooling (GAP) layer, located 

at the end of the structur e, decr eases the number of parameters 
o generate a global r epr esentation of featur e ma ps (Khan et al .,
020 ). 

.3. Frozen r a tio selection 

omposite learning enables the optimization of a fr ozen r atio
o produce the best classification accuracy in transfer learning.
o learning is performed in the frozen la yers , where pre-trained
eights ar e tr ansferr ed dir ectl y fr om the pr eceding sta ge; mean-
hile, learning is performed in the unfrozen layers, where image

eatur es ar e updated by learning new data (Wang & Zheng, 2020 ).
The setting of frozen ratios needs to be decided in a heuristic

anner to determine the optimal ratio among the given scenar-
os. Figure 14 illustrates the process, and Table 3 lists the frozen
atio settings in the first two stages . T hese ratios can be assigned
iffer entl y for eac h sta ge . For example , in Case 3, the frozen layers
ncompass 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. 

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 
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her eas they corr espond to CP and the third dense block in the
econd stage. 

Figure 15 shows the learning procedure for frozen and unfrozen
a yers . In the prior sta ge, featur es ar e cr eated in the fr ozen lay-
rs and tr ansferr ed to the present stage. In the present stage, the
ayers that correspond to those frozen in the prior stage do not
earn because of featur e tr ansfer. T he following la yers , which as-
ociate with the unfrozen layers at the prior stage, combine the
r ansferr ed featur es with the initial set of featur es of the pr esent
tage . T hese la y ers learn the v olta ge ima ge data acquir ed fr om the
resent material and derive the output. The loss value of the out-
ut is calculated using a loss function through forw ar d propaga-
ion. Featur es ar e updated thr ough bac kpr opa gation as the num-
er of epoc hs incr eases until the loss value is minimized or satis-
ed (Yamashita et al ., 2018 ). 

.4. Classification 

ma ge featur es ar e gener ated b y learning v olta ge ima ge data in
he source domain. These featur es ar e then shar ed to deriv e a
r ansferr ed model for detecting anomalies in the target domain.
he tr ansferr ed model learns a featur e space shar ed b y the sour ce
nd target domains (Yang et al ., 2020 ). This feature space is trans-
itted to the full y-connected layer, whic h acts as a decision-
aker for classification in the target domain. 
Figur e 16 illustr ates the classification pr ocedur e in the tar get

omain. Featur e extr action is conducted on the fr ozen lay ers b y
dopting the image features transferred from the source domain.
eanwhile, learning is performed in the unfrozen layers with new

ata from the target material. The GAP layer delivers 1664 output
odes deriv ed fr om featur e extr action. The full y-connected layer
onnects with the output of the preceding layers involved in fea-
ur e extr action. Then it classifies eac h volta ge ima ge pr obabilisti-
ally by establishing a nonlinear combination of selected features
Khan et al ., 2020 ). This layer uses typical classifiers in machine
earning, such as softmax, support vector machines, and artificial
eural networks. In this study, softmax was used as the classifier,
s expressed in Equation ( 4 ), 

so ftmax ( x i ) = 

exp ( x i ) ∑ n 
j=1 exp 

(
x j 

) . (4)

 he fully-connected la yer essentially accompanies fine-tuning,
hich is a process of training the target domain data to up-
ate a set of pr e-tr ained weights to ada pt to the target domain

Tajbakhsh et al ., 2016 ). Fine-tuning enables the implementation
f transfer learning, wherein a small amount of data can be used
or feature extraction and classification in the target domain, even
hough a sufficient amount of data is r equir ed for feature extrac-
ion in the source domain. The CNN-based model can output a
ormal or abnormal classifier from the fully-connected layer. As
xpressed in Equation ( 4 ), each classifier is determined probabilis-
ically. 



Journal of Computational Design and Engineering, 2023, 10(4), 1423–1442 | 1433 

Figur e 12: T he arc hitectur e of the pr oposed method. 

Figur e 13: F eatur e extr action in DenseNet169. 
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5. Experimental Results 

The classification accuracy of the proposed method was vali- 
dated using the testing dataset. First, the setting of frozen ratios 
was e v aluated to determine the fr ozen r atio that r esults in the 
highest accuracy (see Section 4.3). Next, the classification accu- 
rac y w as e v aluated and compar ed to the existing methods . T he 
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 
he following specifications: Intel Xeon 2.30GHz CPU, Nvidia P100 
PU, 25.5GB RAM, and Python pr ogr amming langua ge (Google Col-

abor atory, 2022 ; https://colab.r esearc h.google.com/). Equation 5 
athematicall y expr esses classification accur acy. 

cl assi f icat ion accuracy ( % ) = 100 

× t he number o f dat a sampl es cor r ect ly cl assi f ied 
(5) 

https://colab.research.google.com/
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Figur e 14: T he setting of fr ozen r atios in tr ansfer learning. 

Ta ble 3: F r ozen r atio settings. 

First stage Second stage 

Case No. Setting F rozen la y er Setting F rozen la y er 

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 

Figure 15: Learning pr ocedur e at frozen and unfrozen la yers . 
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.1. Determination of the frozen ratio 

lassification accuracy was measured in the nine frozen ratio set-
ing cases listed in Table 3 . The r esults ar e pr esented in Table 4 .
n the first trial, LCS and STS were used as the first and second
ource materials, r espectiv el y, while INC was used as the tar get
aterial. The percentage in brackets indicates the portion of data

amples in each material dataset used for training. In the second
rial, LCS , INC , and STS were used as the first and second source

aterials and the target material, respectively. The hyperparam-
ters include the Adam optimizer, categorical cr oss-entr opy loss
unction, 100 epochs, and 32 batch sizes . T he epochs and batch
izes were determined heuristically to avoid overfitting and ex-
essive learning time. 

Because Case 3 ac hie v ed the highest classification accuracy
mong the nine cases, it was selected as the frozen ratio, which
onfigured Setting A in the first stage and Setting C in the sec-
nd sta ge. Her eafter, these settings ar e used as the default fr ozen
atios. 
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Figure 16: Classification pr ocedur e. 

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

Trial 1 2 Average 
First source material: LCS (100%) 

Second source material: STS (30%) 
Target material: INC (30%) 

First source material: LCS (100%) 
Second source material: INC (30%) 

Target material: STS (30%) 

Case 1 87.0 86.6 86.8 
Case 2 87.3 88.7 88.0 
Case 3 89.7 91.5 90.6 
Case 4 85.2 87.6 86.4 
Case 5 88.0 88.0 88.0 
Case 6 88.8 90.1 89.5 
Case 7 87.0 83.8 85.4 
Case 8 87.8 91.0 89.4 
Case 9 87.3 89.7 88.5 
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5.2. Ev alua tion 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 se v er al 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 cr oss-entr opy loss 
function, 30 epochs, and 16 batch sizes . T he baseline models are 
defined as follows: 

� The standard 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 m ultisource tr ansfer learning (M-TL) model uses the pr o- 
posed method. 

Figur e 17 pr esents the classification accur acy r esults of the 
three models with respect to the increase in the number of data 
samples in the second source material. For example, Fig. 17 a 
presents the classification accuracy when 5% of data samples 
wer e tr ained in the second source material. The x-axis indicates 
 

he portion of data samples used for training in the target mate-
ial. Here, all data samples of the first source material were used
or tr aining. Figur e 18 summarizes the confusion matrix of the
hree models when 5% of data samples were used in both the sec-
nd source and the target materials (the leftmost three points in
ig. 17 a). Note that the numbers of total data samples were all
921 in the three confusion matrix because 199 samples were ex-
luded from the total samples of 3120 during the testing data pre-
rocessing. The number of actual normal and abnormal samples 
as 1278 and 1643, r espectiv el y. The following analytical results
ere obtained: 

� The S-ML models exhibited an S-curve pattern. The classi- 
fication accuracy was lower when fewer data samples were 
used. In Fig. 18 a, the S-ML model did not show correct
classification, as it corr ectl y classified abnormal samples as
abnormal but incorr ectl y classified normal ima ges as abnor-
mal. Meanwhile, it exceeds 90% since 20% of the data sam-
ples were used for tr aining. Suc h S-curv e pattern is typical
in mac hine learning, wher e classification accur acy substan-
tiall y impr ov es with an incr ease in the number of data sam-
ples . T he S-curve pattern implies that the number of data
samples was enough to extr act featur es pr operl y fr om tr ain-
ing data as the models ac hie v ed the maxim um performance
and sho w ed no mor e accur acy incr ease since 20% of data
samples. 

� The S-TL models exhibited an av er a ge classification accur acy
of 84.1% (minimum 83.3%, maximum 85.2%). This implies 
that single-source transfer learning works desir abl y, e v en
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Figure 17: Classification accuracy comparison between methods in INC target material. 

Figure 18: Confusion matrix for 5% of data samples in the source and 
target materials. 
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when a small number of data samples is used for training. In
Fig. 18 b, the S-TL model misclassified actual normal samples
as abnormal (422) more than abnormal samples as normal
(15). 

� The M-TL models scored an av er a ge 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. 18 c, 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, e v en 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. 

.2.2. Comparison with material-concatenated transfer
learning 

ur r esearc h team has de v eloped a single-source and material-
oncatenated transfer learning method. A similar existing
ethod was de v eloped to detect balling defects in a target ma-

erial by tr ansferring featur es extr acted fr om a source material
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(Lee et al ., 2021 ). Figure 19 illustrates the model arc hitectur e. 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 pr operties, suc h 

as thermal conductivity, melting point, and specific heat capac- 
ity. These features were concatenated with the image features ex- 
tr acted fr om single-source tr ansfer learning. 

T he method abo v e gener ated the single-source and material- 
concatenated transfer learning model (Sm-TL). This model ex- 
tr acts ima ge featur es fr om 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 impr ov es model performance. Clas- 
sification accurac y w as measur ed in all gener ated models us- 
ing the same data and experimental setup. The feature extrac- 
tor is DenseNet169, and the hyper par ameters include the Adam 

optimizer, categorical cr oss-entr opy loss function, 30 epoc hs,
and 16 batch sizes. Figure 20 presents the classification ac- 
curacies obtained by the S-TL, Sm-TL, and M-TL models . T he 
blue and red curves represent classification accuracy when 5% 

and 30% of the STS data samples were used for training, re- 
spectiv el y, and the black line denotes the accuracy of Sm-TL 
models. 

� The Sm-TL models ac hie v ed an ov er all classification accur acy 
of 81.9–89.4%, which exceeds that obtained by traditional S- 
TL models . T his can result from accounting for the melt- 
ing and solidification mechanisms by concatenating material 
pr operty featur es to the ima ge featur es. 

� 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, r espectiv el y. These r esults in- 
dicate that models generated by the proposed method can ef- 
ficientl y extr act ima ge featur es e v en with a fe w 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 
v arious DenseNet structur es, and (3) a pplication to a low-cost tar- 
get material. Note that all data samples in 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 

accur acy r esults for M-TL models tr ained using 5%, 10%, 30%,
and 100% of the STS data samples . T he four models did not 
exhibit significant differences . T his implies that the proposed 
ethod produces a desirable classification accuracy regardless 
f the number of training data samples in the second source
aterial. 

(2) Application of various DenseNet structures 

The classification accuracy was also investigated with re- 
pect to the use of DenseNet structures, including DenseNet121,
enseNet169, and DenseNet201. All three are known to be sta-
le structures. Although they are similar, they employ differ- 
nt numbers of parameters in the D3 and D4 layers (Wang &
heng, 2020 ). The hyper par ameters include the Adam optimizer,
ategorical cr oss-entr opy loss function, 30 epoc hs, and 32 batc h
izes . T he batch sizes were increased from 16 to 32 to avoid over-
tting. 

Table 6 presents the classification accuracy results for all 
hree DenseNet structures at the frozen ratio settings listed in
able 3 . Because the three structures produced similar accuracy
alues, it is difficult to assert the superiority of DensetNet121 and
enseNet201 to DenseNet169. 

(3) Application to a low-cost target material 

The classification accuracy was e v aluated in Section 5.2 when
CS and STS were used as the first and second source materials,
nd INC was used as the target material. Here, another classifi-
ation accurac y w as measured to examine whether the proposed
ethod could be similarly applied to a different and low-cost tar-

et material. LCS and INC were used as the first and second source
aterials, r espectiv el y, and STS was used as the target material.

he setting of hyper par ameters was identical to those in Section
.2.1. 

Figur e 21 pr esents the classification accur acy r esults. Similar
o the results in Fig. 17 , the M-TL models gained higher classifica-
ion accuracies than the S-TL models when the portions of data
amples were 5% and 10% in the four cases . T he similar results
t 5% and 10% data portions in the STS show that the proposed
ethod can deliver a good classification accuracy in e v en small

ata samples at another target material. Ho w ever, it w as har d to
istinguish a superiority of M-TL or S-TL model performance in
0% and 30% of data samples in the STS, different from the results
n Fig. 17 . The difference in results at 20% and 30% data portions
omes from the fact that the settings of frozen ratios and hyper-
ar ameters wer e not optimized to the STS but to the INC target
aterial. This means that fr ozen r atios and hyper par ameters in
odeling need to be tuned and customized to a target material to

roduce a high and stable classification accuracy. 

. Discussion 

(1) Applicability of multisource transfer learning 

The M-TL models ac hie v ed an av er a ge classification accur acy
f 88.8% across all cases presented in Fig. 17 , outperforming the
tandard S-TL models by 4.7%. Furthermore, the M-TL models ex- 
ibited stable classification accuracy even with 10% (251) of the
ata samples trained in the target material. 

These r esults demonstr ate that the featur es learned fr om the
ource domain have high tr ansfer ability and ar e tr ansferr able
o the target domain for generalizability. Transferability is re- 
erred to as the generalizability (Yang et al ., 2020 ). The voltage
mages that comprise our model’s input data are represented by
 uniforml y-color ed line pr ofile plotted on the time and voltage
xes . T hey are simple and homogeneous in visual r epr esenta-
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Figur e 19: T he model arc hitectur e of the prior method. 

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 
Av er a ge 88.7 89.2 88.4 88.3 88.6 

t  

t  

t  

w  

i  

t  

s  

I  

t  

n  

c  

r
 

i  

e  

S  

C  

m  

t  

c  

f

 

i  

d  

c  

c  

t  

t  

g  

d  

i  

s  

t  

t  

f  

s  

o  

i  

t  

D
ow

nloaded from
 https://academ

ic.oup.com
/jcde/article/10/4/1423/7220543 by library_hanyang user on 01 August 2023
ion compared with other complex visual data, such as light de-
ection and ranging images in autonomous cars and computed
omogr a phy ima ges in medicine . T his endows learned features
ith tr ansfer ability by r eflecting the generic phenomena of melt-

ng and solidification. Generalizability facilitates domain adapta-
ion by reducing the data distributional discrepancy between the
ource and target domains based on a common feature space.
n particular, we conjecture that the underlying features from
he two source materials provide rigid transferability, as they are
ot onl y sequentiall y extr acted using mac hine learning but also
omplementarily concatenated with a reasonable set of frozen
atios. 

Empiricall y, we demonstr ated the pr oposed method’s pr actical-
ty by using it to generate CNN-based anomaly detection mod-
ls for a certain target material with different source materials.
imilar r esults wer e attained by (P andiyan et al ., 2022 ), wher ein
NN-based models were derived to detect defects in bronze by
odel transfer from stainless steel in laser powder bed fusion. We

her efor e belie v e that tr ansfer learning can be feasible and appli-
able for implementing material-to-material knowledge transfer
or anomaly detection in WAAM. 

(2) Resolving data scarcity in machine learning 

Machine learning cannot exhibit high classification accuracy
n a data-scarce environment that frequently occurs in WAAM, as
escribed in Section 2.2. This should be r esolv ed to deploy ma-
hine learning to anomaly detection in WAAM and can be over-
ome by transfer learning and ov ersampling. Tr ansfer learning, as
he main a ppr oac h of this study, is a machine learning approach
o transfer the features extracted from source materials to a tar-
et material. Meanwhile , o v ersampling can also be consider ed a
ata pr epr ocessing tec hnique to r esolv e data scarcity, although it

s used mainly to mitigate class imbalances (Kim et al ., 2023 ). Over-
ampling increases the number of data samples by augmenting
he data samples modified from the original ones. Table 7 presents
he pros and cons of transfer learning and oversampling. Trans-
er learning can deliver fine classification accuracy even using
mall-sized data; ho w e v er, it pr e-supposes the existence of data
btained from source materials. Oversampling can be applied eas-
ly using known techniques; ho w ever, it may not be feasible if fea-
ur es ar e not extr acted corr ectl y fr om 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 88.1 91.2 89.3 90.4 

Figure 21: Classification accuracy comparison between methods in STS target material. 
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due to their irr ele v ant r epr esentation. Hence, c hoosing a solution 

to overcome data scarcity is necessary, considering data c har ac- 
teristics , model performances , and application en vironments . 

(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 . T his application can be practical, particularly when no in- 
formation about anomaly detection exists for depositing a new 

material. 
Expectedl y, the pr oposed method can be a pplied to r eal-time 

contr ol and pr ocess par ameter 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- 
bles a machine to calibrate process parameters adaptively to 
educe the difference between intended and unintended quality 
erformance . Furthermore , the proposed method can be consid-
red a modeling technique for optimizing process parameters in 

erms of quality in WAAM. The process parameter optimization 

ims to eliminate or minimize the a ppear ance of abnormality
uring the bead deposition by determining the best process pa-
 ameters pr oactiv el y in the pr ocess planning phase . T he proposed
ethod can contribute to generating anomaly detection models 

exibly without the restriction of data scarcity. 

. Conclusions 

he 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 

Transfer 
learning 

- 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 

- Should have data obtained 
from source materials 
- Cannot outperform 

machine learnig models in 
data sufficiency 
- Should design model 
arc hitectur e 

Oversampling - Make high model 
performance 
- Avoid information loss in 
original data 
- Be applicable easily using 
techniques (e.g., data 
augmentation, Synthetic 
Minority Over-sampling 
Technique) 

- Should have data obtained 
from a target material 
- Should analyse original 
data to c hec k av ailability of 
oversampling 
- Induce overfitting 
problems 
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� A m ultisource tr ansfer learning method was de v eloped 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
volta ge ima ge data to two differ ent source materials. Specif-
icall y, the pr oposed method converts numeric-type voltage
data to image-type voltage data for the CNN input, extracts
ima ge featur es fr om 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-
tr act ima ge featur es fr om the tar get material, and finall y fine-
tunes and creates the transfer learning model that classifies
eac h volta ge ima ge 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 ac hie v ed 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, r espectiv el y, wer e 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
e v eloping anomal y detection models in WAAM based on m ul-
isource transfer learning, which has rarely been attempted. Be-
ause data collection in this field is gener all y expensiv e and time-
onsuming, this a ppr oac h would be e v en mor e pr actical when
igh-cost materials (e.g., tungsten and mol ybdenum) m ust be de-
osited. The difficulty of data collection and the unavailability
f machine learning are critical problems . T he proposed method
her efor e functions as a cost-efficient alternative for machine
earning-based anomaly detection, as it transfers information
rom sufficient data in low-cost materials to insufficient data in
igh-cost materials. 

Ho w e v er, as tr aining data increased, the proposed method did
ot ac hie v e higher classification accuracy than machine learn-

ng. This was expected due to the nature of transfer learning, as
nderl ying ima ge featur es cannot matc h exactl y with those of
he target domain. In addition, only three materials were tested
ecause of the limited experimental en vironment. T his study
emonstrated the feasibility of the proposed method by a ppl ying

t to the two target materials, including INC and STS. The num-
er of materials was r elativ el y small in the experiments; thus,
urther investigations using more materials are required to ver-
fy the practicality of the proposed method. Moreover, measuring
he learning time was out of the scope of this study. Minimizing
earning time is critical to ensure in-situ quality monitoring in

AAM. 
We plan to implement a hybrid anomaly detection algorithm

hat applies both machine learning and transfer learning to be
da ptiv el y selected, depending on the amount of data. Such a sys-
em is expected to support expert decisions. In addition, we aim to
stablish in-situ quality monitoring in WAAM using this a ppr oac h.
n addition, we plan to de v elop a learning-based process plan-
ing a ppr oac h that pr edicts and optimizes performance quality.
his objective will necessitate a thorough investigation of the re-

ationships between process parameters and quality performance
n WAAM. 
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