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A B S T R A C T

This work concerns the wire arc directed energy deposition (WA-DED) additive manufacturing process. The 
objectives were two-fold: (1) observe and understand, through in-operando high-speed meltpool imaging, the 
causal dynamics of two common WA-DED process instabilities, namely, humping and humping-induced porosity; 
and (2) leverage the high-speed meltpool imaging data within machine learning algorithms for real-time 
detection of process instabilities. Humping and humping-induced porosity are leading stochastic causes of 
poor WA-DED part quality that occur despite extensive optimization of processing conditions. It is therefore 
essential to understand, detect and control the causal meltpool phenomena linked to these instabilities. 
Accordingly, we used a high-speed camera to capture the meltpool dynamics of multi-layer depositions of ER90S- 
G steel parts and meltpool flow behavior related to process instabilities were demarcated and quantified. Next, 
physically intuitive meltpool morphology signatures were extracted from the imaging data. These signatures 
were used in a machine learning model trained to autonomously detect process instabilities. This novel process- 
aware machine learning approach classified onset of instabilities with ~85 % accuracy (F1-score), outperforming 
black-box deep learning models (F1-score <66 %). These results pave the way for a physically intuitive process- 
aware machine learning strategy for monitoring and control of the WA-DED process.

1. Introduction

The objective of this work was two-fold: (1) observe and understand, 
through in-operando high-speed imaging, the link between wire arc 
directed energy deposition (WA-DED) meltpool dynamics and two com
mon stochastic process instabilities, namely, humping and humping- 
induced porosity that occur despite extensive optimization of 

processing parameters; and (2) leverage the high-speed meltpool im
aging data for in-situ monitoring and detection of process instabilities.

The directed energy deposition (DED) family of additive 
manufacturing (AM) processes use focused energy in the form of electric 
arc, plasma, laser, or an electron beam to melt and deposit material 
layer-by-layer [1]. The material can either take the form of powder or 
wire. The deposition of material in three dimensions is accomplished via 
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the relative motion of the part and energy source, typically with a 
gantry-driven axis or a robotic arm.

The WA-DED process, depicted in Fig. 1, resembles arc-based weld
ing, such as metal inert gas (GMAW) and tungsten inert gas welding 
(GTAW) [2]. Hence, the process is also known as wire arc additive 
manufacturing (WAAM) [3]. In WA-DED, a metallic wire is used as 
feedstock material. Typical materials include alloys of iron, titanium, 
and aluminum [4]. An electric potential is applied between the tip of the 
electrode and surface of the previously deposited layer. This potential 
difference ionizes a stream of shielding gas, and generates a plasma 
column, which in turn creates an electric arc. Current flows through the 
electrically conductive plasma, and provides the heat necessary to melt 
the tip of the feedstock wire. The heat from the plasma also melts the 
material in the previously deposited layer, generating a pool of molten 
material, called the meltpool (or weld pool), into which the wire ma
terial is fed. The molten droplet, formed at the wire tip, and meltpool are 
protected by the shielding gas. The shielding gas prevents oxidation of 
the meltpool, stabilizes the electric arc, and influences the mode of 
material transfer [5]. Contamination from the atmosphere and sur
rounding debris in the meltpool are particularly detrimental to weld 
quality as they are liable to create porosity [6]. Contingent on the ma
terial and application, the shielding gas can be inert, e.g., argon or he
lium, or active, e.g., carbon dioxide, hydrogen and mixtures of the 
foregoing with inert gases. The combination of shielding gas type and 
flow rates influences the quality of the deposited layer.

The relatively large magnitude of energy supplied by the electric arc 
in WA-DED, relative to laser-based DED, enables high material deposi
tion rates [7]. The WA-DED process is capable of deposition rates 
approaching 10 kg per hour, viz., almost five times that of laser powder 
(LP-DED) and laser-wire (LW-DED) processes [7–10]. Further, WA-DED 
is considerably economical compared to LP-DED given the low cost and 
availability of welding wire in contrast to metal powder. The high 
deposition rates afforded by WA-DED are valuable for rapid 
manufacturing of large volume parts. For example, Nycz and co-workers 
[11] from the Oakridge National Laboratory used a robot-based WA- 
DED setup to manufacture a functional excavator attachment with an 
approximate weight of 180 kg in about 5 days of continuous printing at 
deposition rates approaching 7 kg per hour. Recently, additive friction 
stir deposition (AFSD), which is a highly energy and material efficient, 
non-fusion based AM process, has emerged as an alternative to WA-DED 
for manufacturing large parts [12].

Amongst the drawbacks, compared to LW-DED and LP-DED, the 
geometric resolution, accuracy, and repeatability of WA-DED is rela
tively poor, and substantial post-process machining is often required 
[13,14]. The relatively high energy input necessary to achieve larger 
volumetric deposition rates, coupled with stochasticity inherent to the 
WA-DED process, engenders complex thermo-physical interactions 
linked to flaw formation, such as porosity, humping, lack-of-fusion, cold 
and hot cracking [2,15].

In this work, we aim to understand and detect two common WA-DED 

process instabilities induced by stochastic variations in the meltpool 
dynamics, these are: (i) humping, and (ii) humping with surface porosity, 
termed humping-induced porosity. These process instabilities, exemplified 
in Fig. 2, occur despite extensive a priori optimization of processing 
parameters. We leverage the in-operando high-speed meltpool imaging 
data with machine learning algorithms to monitor the process and 
consequently detect the onset of humping and humping-induced 
porosity [16,17].

Shown in Fig. 2 are images of three as-processed thin-wall parts, and 
their corresponding cross-section under nominal (stable), humping, and 
humping-induced porosity conditions. In the nominal thin-wall sample, 
Fig. 2(a), no macroscopic flaws were evident in the cross-section. The 
sample in Fig. 2(b) displayed a periodic undulation of the layer, termed 
humping. The part affected by humping-induced porosity, as demarcated in 
the cross-section image in Fig. 2(c), shows porosity in the interior of the 
part in addition to poor surface quality. The foregoing instabilities result 
from complex meltpool-process interactions encompassing electromag
netic forces, heat flux, fluid-flow, solidification phenomena, and 
stochastically-driven aspects associated with high-speed welding 
[18–20]. The meltpool dynamics at the root of these phenomena will be 
further elucidated in Sec. 4 with the aid of high-speed optical imaging.

The distinction between nominal, humping and humping-induced 
porosity conditions during WA-DED is important to monitor and 
detect. Despite extensive parameter optimization, the WA-DED process 
is afflicted by inherent stochastic effects, such as disruption of gas flow, 
variation in machine kinematics, vibration, contamination of the feed
stock material, amongst others, which are known to disrupt the stability 
of the meltpool [21]. Further, with the advent of hybrid additive- 
subtractive WA-DED machines, a layer afflicted by humping flaws 
may be machined and re-deposited [13]. However, the deeply 
embedded internal pores in humping-induced porosity would require 

Fig. 1. Process schematic of wire arc directed energy deposition (WA-DED).

Fig. 2. WA-DED thin-wall samples produced for this work, representative of 
the three different part conditions investigated in this work: (a) Nominal, (b) 
Humping and (c) Humping-induced porosity.
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machining of several layers to remove with hybrid WA-DED.
The origin of humping-induced porosity is illustrated in Fig. 3, where 

a representation of internal porosity from X-ray CT is displayed for two 
samples derived from original data acquired in this study. As shown in 
Fig. 3(a), the layer height variations due to humping-induced un
dulations in the previous layer causes fluctuations in the distance be
tween the welding nozzle and top of the previous layer. Consequently, 
the contact tip-to-work distance (CTWD), varies incessantly and sto
chastically during humping along the direction of deposition. The in
crease in the CTWD in valley regions curtails the flow of the shielding 
gas and compromises effective protection of the meltpool. Left un
checked, this condition is exacerbated, resulting in humping-induced 
porosity. For example, Fig. 3(b) illustrates a sample and its corre
sponding X-ray CT cross-section with minor degrees of humping, where 
the expected CTWD variation during the deposition was low. No internal 
porosity was observed in the X-ray CT for this sample. However, the 
sample in Fig. 3(c) was affected by severe humping, resulting in internal 
porosity, characteristic of humping-induced porosity.

In this context, researchers have demonstrated that stochastic- 
induced disruptions or alterations of the shielding gas flow can cause 
porosity in arc-based processes [22]. Insufficient flow of the shielding 
gas can be caused by clogging of the nozzle due to spatter or increase in 
CTWD [22]. The shielding gas protects the freshly formed molten 
droplet at the tip of the wire and the meltpool against contamination by 
foreign debris and oxidation [15]. As recently demonstrated by Bevans 
et al. [21], disruption of the shielding gas enables particulate debris and 
oxygen to enter the reactive meltpool, which in turn causes poor ma
terial consolidation and porosity. Likewise, Bitharas et al. [23] reported 
elevated oxygen concentration on the surface of the meltpool induced by 
low gas flow rates, resulted in porosity in GMAW-fabricated deposits of 
DH36 high strength structural steel.

Fig. 4 underscores the transient and complex stochastic dynamics 
inherent to humping instability. Shown in Fig. 4 is a region of a 9-layer 
tall thin wall fabricated with previously optimized processing parame
ters. This deposition demonstrates both flaw-free layers at the macro
scopic scale, and layers exhibiting localized defects. In Fig. 4(a), during 
the course of deposition of layer 4, the onset of onset of localized 
humping instability is discerned with a characteristic valley-like region. 
However, as shown in Fig. 4(b), the instability self-corrects during 
deposition of layer 5. As evident from Fig. 4(c), the process continues 
unimpeded by humping, resulting in the deposition of nominal, flaw- 
free layers up to layer 8. However, in layer 9, represented in Fig. 4(d), 
the humping instability re-manifests.

The novelty of this work is in identifying and predicting the onset of 
humping and humping-induced porosity in WA-DED through in- 
operando high-speed imaging of the meltpool. To the best of our 

knowledge, this is one of the first works that experimentally observes 
and elucidates the causal meltpool dynamics that are symptomatic of the 
foregoing process instabilities for a multi-layer WA-DED part. Further, 
we also estimated the variation of meltpool flow velocities at the nom
inal, humping, and humping-induced porosity process regimes. As will 
be summarized in the forthcoming literature review in Sec. 2, while 
humping and humping-induced porosity has been explained with the aid 
of theoretical simulations of the meltpool, largely for single track de
positions, experimental observation of the meltpool dynamics concern
ing these instabilities for multi-layer constructs has remained elusive.

The approach implemented for predicting the onset of process in
stabilities is summarized in Fig. 5. We manufactured multi-layer thin- 
wall WA-DED mild steel parts under different processing conditions. 
During deposition of the thin-wall parts, the meltpool dynamics were 
captured using a high-speed imaging camera as illustrated in Fig. 5(a). 
Image processing is applied to the acquired WA-DED images, Fig. 5(b), to 
identify the contour of the meltpool region. From this contour, four physi
cally intuitive meltpool morphology features (process signatures) were 
extracted from the high-speed images as represented in Fig. 5(c). Finally, 
as presented in Fig. 5(d), these meltpool process signatures are used as 
inputs to computationally tractable and interpretation amenable ma
chine learning models, such as shallow artificial neural networks, lo
gistic regression, and k-nearest neighbors. These models were trained 
(supervised learning) to classify the WA-DED process state into the 
following three categories: nominal, humping, and humping-induced 
porosity.

Since the approach uses physically intuitive process signatures ob
tained from the meltpool images, it is termed process-aware machine 
learning. The approach is benchmarked against a black-box deep ma
chine learning model, that, instead of extracting process signatures, uses 
the meltpool images directly for detecting the state of the process. The 
computational complexity of the deep learning models compared to the 
tractability of the process-aware machine learning approach, is detri
mental to model deployment for real-time monitoring and 
transferability.

The rest of this paper is organized as follows. Summarized in Sec. 2 is 
the current literature in WA-DED process monitoring. Described in Sec. 
3 is the WA-DED setup and the design of experiments. Sec. 4 details the 
correlation of the meltpool dynamics and estimation of meltpool ve
locity under nominal, humping, and humping-induced porosity process 
states. Sec. 5 discusses the meltpool morphology features extracted from 
the high-speed imaging data, and their use in a process-aware machine 
learning model for detection of instabilities. Finally, conclusions and 
avenues for future work are summarized in Sec. 6.

Fig. 3. (a) Changes in CTWD when the previously deposited layer exhibits a humping flaw. (b) X-ray CT of a humping flawed sample with no internal porosity. (c) X- 
ray CT of a sample with humping flaw, with internal porosity (humping-induced porosity). The increase in distance from CTWD0 to CTWD1 induces a lack of 
shielding gas protection to the meltpool. The CTWD distance illustrated only considers the previously deposited layer and not the deposited material of the pre
sent layer.
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Fig. 4. Occurrence of humping instability in WA-DED is stochastic and transient. (a) Humping flaw formed in the right side of the deposited layer 4. (b) The process 
self-corrects and humping instability is not evident during deposition of layer 5. (c) Humping is not observed even during deposition of layer 8. (d) Humping appears 
again on layer 9, on a different region from where it was originally identified.

Fig. 5. Overview of the proposed approach. (a) Raw meltpool images are captured by the high-speed camera. (b) Image processing through binarization and 
thresholding is used to identify the meltpool region contour. (c) The identified meltpool region contour is used to extract meltpool morphology features (process 
signatures). (d) These process signatures are employed for classifying the WA-DED process state into nominal, humping, or humping-induced porosity.

A. Ramalho et al.                                                                                                                                                                                                                               Materials & Design 258 (2025) 114598 

4 



2. Prior work in detecting humping and humping-induced 
porosity

The humping phenomena has been studied in the context of flaw 
formation in high-speed welding [24,25]. Nguyen et al. [26] studied the 
occurrence of humping in gas metal arc welding (GMAW) using melt
pool imaging with a CCD camera. They varied welding positions and the 
nature of shielding gases. It was found that use of active shielding gas at 
higher welding speeds mitigated humping. The authors concluded that 
using active shielding gas, compared to inert shielding gasses, increased 
the width of the meltpool, which in turn increased the lateral flow of 
molten material during deposition. This effect facilitates the flow of 
material to the front of the meltpool, thus suppressing humping.

Cho et al. [27] used both numerical simulation and meltpool imaging 
acquired by a high-speed camera to explain the meltpool-level dynamics 
symptomatic of humping in GMAW depositions of ASTM A-36 steel. 
First, the arc pressure and momentum, causes the meltpool to flow in the 
opposite direction of the torch. The backward flow results in material 
aggregation toward the tail of the meltpool. Consequently, the material 
depleted front region of the meltpool solidifies rapidly forming a valley, 
whilst the material accumulated at the tail solidifies slower to form a 
hump. The observations in this work are consistent with the findings of 
Cho et al. [27] and will be further elucidated in Sec. 4.

To suppress humping in GMAW, researchers have proposed multi- 
wire deposition. Wu et al. [28], introduced a twin-wire approach 
where two electrodes, one trailing the other, are employed. Each wire 
creates a separate electric arc with its own meltpool. The distance be
tween the two wires is adjusted such that their respective meltpools can 
merge during deposition. Employing two trailing wires creates a so- 
called push–pull effect where the pressure of the trailing arc counter
acts the high backward momentum of the meltpool deposited by the 
leading wire. This suppresses the aggregation of material in the tail of 
the meltpool, and mitigates humping flaw. By relying on the same 
physical principle of the push–pull effect, Gu et al. [29] proposed a triple 
wire approach to suppress humping.

Adebayo et al. [30] studied the occurrence of humping flaws in WA- 
DED through the production of ER70S-6 steel thin-walls with varying 
torch travel speed and wire feed speed. They demonstrated a threshold 
value for these parameters beyond which the humping phenomena 
originates. Albeit, the parameter thresholds are contingent on the 
characteristics of the feedstock material, processing parameters and 
machine. We note that in practice, humping and humping-induced 
porosity often occur despite extensive parameter optimization on ac
count of the inherent stochasticity of the process [30]. For example, 
researchers have observed that minor variations in the ambient tem
perature and environmental conditions, gas flow rates, presence of 
contaminants in the wire, among others, are liable to cause process in
stabilities [31,32]. Hence, stochastic factors can have a significant in
fluence on humping related phenomena.

Table 1 summarizes representative literature in vision-based moni
toring and control of the WA-DED process. Li et al. [33] used a CMOS 
camera to acquire images of the solidified top layer. This layer image 
was subsequently used with a deep learning model for the classification 
of three types of defects: superficial (surface) porosity, grooves, and slag 
inclusions. Likewise, Xia et al. [34] used a commercially available 
welding camera to acquire WA-DED meltpool images. These images 
were used as inputs to a convolutional neural network trained to identify 
different process states, including humping and superficial porosity, 
achieving model accuracies of ~97 %. However, a majority of the 
existing process monitoring forays in WA-DED employ purely data- 
driven black-box machine learning-based models and do not provide 
insights into the causal process physical phenomena. The novelty of this 
work is that it uses fundamental insights from the process dynamics to 
extract physically intuitive meltpool morphology features. These fea
tures are subsequently used for detection of humping and humping- 
induced porosity flaws.

3. Experiments

The open architecture WA-DED setup used in this work is shown in 
Fig. 6. The setup integrates a custom-built welding torch and three-axis 
gantry motion system. A Lincoln Electric CITOWAVE III 520 welding 
machine and a DMU W500 wire feeder were connected to the torch. 
Parts were produced using ER90S-G mild steel feedstock wire with a 
diameter of 1 mm. A stationary high-speed imaging camera (FASTCAM 
Mini WX50 with a Schneider Emerald 4.0/80 lens) was placed perpen
dicular to the axis of motion of the torch. To limit the saturation of the 
imaging sensor, on account of the broadband high magnitude electro
magnetic radiation emitted by the WA-DED process, an 800 nm long 
pass optical filter was placed between the camera and the torch.

The high-speed camera acquired images at a rate of 1000 frames per 
second with a resolution of 1280 × 800 pixels. The shutter speed was set 
to 10-4 s, with f/16 aperture. Dynamic voltage and current readings were 
also acquired at a sampling rate of 10 kHz. Voltage was measured be
tween the welding torch and the part substrate; a Hall Effect sensor was 
used for measurement of current. The voltage and hall effect sensor data 
were ineffective for detection of process states and are hence not re
ported in this work.

Fig. 6(a) also details the positioning of the camera relative to the 
process. The lens of the camera was placed 400 mm away from the torch 
which enabled the acquisition of images within a horizontal field of view 
of 50 mm as illustrated in Fig. 6(b). The camera was manually focused on 
the tip of the feedstock wire when it was positioned at the center of the 
camera’s field of view. Images were acquired in the central 50 mm of the 
sample, to negate the effect of start-and-stop process instabilities at the 
beginning and end of a layer. No external illumination was used to avoid 
the visualization of elements external to the meltpool.

Fig. 7 shows a sample frame acquired by the high-speed camera. In 
each frame, three regions can be identified: meltpool, electric arc, and 
solidified layer. While the meltpool and the electric arc, highlighted in 
Fig. 7, emit the most electromagnetic energy in the operating optical 
range, the solidified layer around the meltpool is also visible. The area 
encompassing the meltpool and the arc will be further analyzed for 
understanding the meltpool dynamics. Since the arc and meltpool have 
similar pixel intensities, it is difficult, if not impossible, to discern a 
separation boundary between the two. Henceforth, the arc and the 
meltpool area shall be referred to as the meltpool region.

Thin-wall parts with a single pass per layer were deposited using a 
zig-zag deposition strategy, as illustrated in Fig. 8(a), with the resulting 
thin-wall part depicted in Fig. 8(b). All the samples, ER90S-G mild steel, 
were deposited on carbon steel substrates using a mixture of Argon +
CO2 as shielding gas, with a volume ratio of 92:8, respectively, and a 
flow rate of 20 L•min− 1. The layer length was maintained at 150 mm; 

Table 1 
Summary of the literature using vision-based sensing for monitoring the status of 
the WA-DED processes.

Author Aim Sensor

Haussler 
et al. [35]

Monitor behavior of arc at varying torch 
angles

High-speed camera

Zhan et al. 
[36]

Detection of wire deflection Commercial 
welding camera

Reisgen et al. 
[37]

Torch height control Imaging sensor 
(unspecified)

Franke et al. 
[38]

Control CTWD and spatter using semantic 
segmentation and connected component 
analysis

Commercial 
welding camera

Xiong et al. 
[39]

Layer height control with a PID controller CCD camera

Xiong et al. 
[40]

Layer width control with a fuzzy controller CCD camera

Li et al. [33] Layer flaw detection with a black-box 
convolutional neural network (CNN).

CMOS camera

Xia et al. [34] Layer flaw detection with a CNN. Commercial 
welding camera
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CTWD was fixed at 8 mm; and interlayer time (ILT) or inter-pass time 
was 120 s.

In this work, the process operates in short circuit transfer mode, 
wherein the transfer of material from the wire to the meltpool occurs 
through physical contact. The molten tip of the wire is in contact with 
the meltpool, before detaching from the wire. As summarized in Fig. 9, 
two processing parameters were varied, namely, the travel speed of the 
torch (v, [mm.min− 1]), and welding power (P, [W]). Consequently, the 
heat input, Q, varies as a function of P and v as follows: Q = P

v [J/mm]. 
The variations in Q as a function of v and P are known to influence the 
meltpool behavior, and effect the nature of the deposited bead [41]. 
Based on extensive a priori experiments the processing parameter com
binations reported in Fig. 9 manifest in nominal, humping, and 
humping-induced porosity in the samples.

These experiments were conducted in a lab environment where 
environmental factors, such as ambient temperature and pressure, hu
midity, gas flow rate, etc., were tightly controlled. However, as evident 
previously in the context of Fig. 4 and current literature (Sec. 2), 

humping-related instability is inherently transient and stochastic in 
nature. Therefore, under practical conditions a minor stochastic varia
tion in any of the ambient factors could cause humping or humping- 
induced porosity.

The aim of the experimental design was to understand and detect 
process instabilities in WA-DED. Accordingly, a total of 12 sample parts 
were produced to achieve the three process conditions, nominal, 
humping, and humping-induced porosity, using the set of parameters 
detailed in Fig. 9. This experimental procedure aimed to investigate the 
stochastic formation of humping in WA-DED parts and its progression to 
humping-induced porosity. As heat input decreased and travel speed 
increased, the deposited samples consistently exhibited flaw formation. 
However, an overlap of conditions was verified at a travel speed of 400  
mm•min− 1 and a heat input of 260 J•mm− 1, where both nominal and 
humping flawed parts were produced. Furthermore, reducing the heat 
input at high torch travel speeds intensified the humping flaw, pro
moting the formation of humping-induced porosity.

We note that there was no discernable difference in the current and 
voltage signals between humping, and humping-induced porosity.

In this work, we focused on understanding the causal relationship 
between the process state and meltpool dynamics. The rationale for 
introduction of variations in only travel speed used to produce the 
samples was motivated from the need to develop a robust model that 
would be able to detect process instability for different process param
eters, irrespective of the processing parameters, instead of a model 
tailored for a fixed set of parameters.

For each of the 12 WA-DED samples produced, high-speed imaging 
was acquired for 2 layers. Hence, a total of 24 layers of data was ac
quired. Further, to avoid the transient behavior characteristic of the 

Fig. 6. Sensor setup for WA-DED meltpool image acquisition. (a) Relative placement of the stationary high-speed camera. (b) Field-of-view of the high-speed camera, 
spanning 50 mm in the y-axis.

Fig. 7. Identification of regions captured by the high-speed camera. The 
meltpool and the electric arc form the meltpool region, which is analyzed in 
this work.

Fig. 8. (a) CAD model of WA-DED thin-wall with torch path. (b) Example of a 
Nominal labeled part, produced using the defined torch path.

Fig. 9. Process parameters used for sample production. As travel speed in
creases and heat input decreases the deposition process becomes unstable, 
however a region of overlap where both flaw free and humping flawed parts 
were obtained can be identified.
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initial layers in WA-DED, data acquisition commenced at layer 5. A 
second layer of data was sampled, when the buffer from the high-speed 
camera was completely cleared.

4. Observation and measurement of meltpool flow using high- 
speed imaging

4.1. Meltpool dynamics under nominal conditions

Fig. 10 shows the deposition of a layer under nominal conditions 
using images from the high-speed camera. In these images one complete 
short circuit cycle of material transfer is represented. There are four 
distinct phases in nominal deposition and in this illustration, each stage 
of material transfer mode is accompanied by an illustration of the 
phenomena.

In Fig. 10(a), the electric arc is stable and supplies heat to both the 
electrode and the meltpool. The molten droplet at the tip of the wire 
increases in size until material transfer occurs. The molten material on 
the surface of the meltpool is observed to be flowing toward the tail, in 
the direction opposite to that of the torch. This backflow on the surface is 
demarcated as x1, x2, and x3, which represents the distance from the 
edge of the electric arc to the brightest region of the surface of the 
meltpool. However, the height of the tail and front of the meltpool are 
relatively constant. This indicates that material at the bottom of the 
meltpool circulates from the tail toward the head. These internal flows 
agree with the process simulations reported by Cho et al. [19]. During 
this phase, the molten droplet at the tip of the wire is not visible due to 
the high intensity electromagnetic radiation emitted by the electric arc 
which surrounds the droplet. Next, the electric arc is extinguished as a 
short circuit occurs and material transfer is started as illustrated in 
Fig. 10(b). The transfer of material to the meltpool is completed in 
Fig. 10(c) when the molten droplet detaches from the wire. The electric 
arc is immediately reignited with the emission of spatter. Lastly, in 
Fig. 10(d) the electric arc stabilizes, resulting in a plasma column with 
constant size and volume.

4.2. Meltpool dynamics during humping

Fig. 11 illustrates the evolution of the meltpool during humping 

instability. For elucidation, we stratify the meltpool dynamics into four 
stages. In Fig. 11(a), a strong backflow is observed in the meltpool. 
Contrary to the nominal deposition condition in Fig. 10, where material 
depth in the tail and head was relatively similar, during humping the 
material continues to progressively accumulate at the tail. This is 
because the higher torch velocity disrupts the internal flow of material 
from the tail to the head of the meltpool.

The higher torch velocity (v) increases the momentum of material 
towards the meltpool tail and reduces the meltpool depth resulting in a 
shallower meltpool. This effect is evident in Fig. 11(a). Unlike the 
nominal conditions, where the height of the meltpool is similar at the 
front and tail regions, in the humping condition, the front of the melt
pool is at a lower height than the molten material accumulating in the 
tail region.

As the torch continues to move, a shallow meltpool region or valley is 
formed, approximately halfway between the head and tail regions, as 
identified in Fig. 11(b). This shallow meltpool region is formed due to 
the elevated arc pressure and the momentum of the material in the di
rection of the meltpool tail.

Next, the low volume of molten material in the shallow valley region 
experiences rapid solidification. The solidified valley, illustrated in 
Fig. 11(c) prevents further flow of molten material between the tail and 
head of the meltpool. The meltpool is thus separated into two distinct 
regions at the head and tail of the meltpool. The relatively more volume 
of material aggregated in the tail region of the meltpool solidifies, albeit 
more slowly, resulting in a characteristic hump-like shape. The process 
continues with the formation of a smaller meltpool, Fig. 11(d), thus 
restarting the process of hump formation.

4.3. Meltpool dynamics during humping-induced porosity

Fig. 12 exemplifies the four stages of the genesis of humping-induced 
porosity flaw. As in humping, a strong backflow is observed in the 
meltpool, and relatively larger volume of molten material accumulates 
near the tail of the meltpool compared to the head as exemplified in 
Fig. 12(a). As explained in the context of Fig. 3, the severe variation in 
CTWD can lead to disruptions in the protective function of the shielding 
gas. The disruption of the shielding gas is liable to create porosity due to 
dissolution of atmospheric elements into the molten metal and 

Fig. 10. Material transfer for a nominal WA-DED layer under short circuit transfer mode (supplementary video provided). (a) Electric arc supplies heat to the process 
(b) material transfer from the feedstock wire to the meltpool, inducing a short circuit condition. (c) Re-ignition of the electric arc restarts the deposition process, 
emitting spatter. (d) Electric arc re-stabilizes after ignition.
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introduction of contaminants from spatter into the meltpool [6].
As the meltpool develops and material is transferred, the strong 

backflow drags the internal porosity to the tail of the meltpool as 
illustrated in Fig. 12(b). Some pores in the tail may be conveyed to the 
surface of the meltpool, while other pores may be embedded deeper as 
observed in Fig. 12(c). Finally, as shown in Fig. 12(d), the valley region 
rapidly solidifies, restricting the flow of material to the tail. Since the tail 
of the meltpool is the last to solidify, the pores remain trapped within it. 
Finally, the process continues with the formation of a new meltpool with 
further pores.

4.4. Tracking of meltpool flow velocity

Continuing with the analysis, we measured and demarcated the 
difference in meltpool flow velocity for the three process conditions. In 
this research the meltpool flow velocity was estimated by tracking the 
motion of features on the surface of the meltpool, which are discernable 
in the high-speed images as they traverse from the meltpool head to
wards the meltpool tail.

Tracking the meltpool flow through the features on its surface is 
challenging given the dynamic nature of the process and high variability 

Fig. 11. Formation of a humping flaw (supplementary video provided). (a) Material begins building up at the tail of the meltpool due to the suppression of front flow 
inside the meltpool; (b) Movement of the torch leads to a shallow meltpool; (c) Liquid channel solidifies rapidly and separates the meltpool into two separate molten 
regions; and (d) the humping phenomena is restarted by the accumulation of material at the tail of the meltpool.

Fig. 12. Formation of a humping flaw (supplementary video provided). (a) the large variation in CTWD induces porosity in the meltpool, while the accumulation of 
material is being formed. (b) due to the lack of front flow the porosity is transported to the tail of the meltpool. (c) porosity breaks the surface tension of the meltpool. 
(d) early solidification divides the meltpool similarly to the observed for humping flaws.
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in the electromagnetic radiation emitted by the electric arc. Conse
quently, to track the meltpool flow, a Sobel filter was applied to the raw 
high-speed images to enable accurate tracking of meltpool surface fea
tures [42]. The application of the Sobel filter to the raw image is illus
trated in Fig. 13 – the filter parameters were determined through trial- 
and-error optimization. The X- and Z- coordinate locations of each 
meltpool surface features were identified in each frame of the high- 
speed images through visual observation.

The absolute meltpool flow velocity (vf , [mm•s− 1]) is estimated by 
tracking the relative displacement ΔX and ΔZ of a surface feature across 

successive image frames, as vf =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
ΔY
Δt

)2
+

(
ΔZ
Δt

)2
√

. Fig. 14 illustrates 

the identification and tracking of a meltpool feature for each process 
regime, represented across four frames. We note that for the nominal 
and humping-induced porosity conditions particle-like meltpool surface 
features were used to measure the flow, whist wave-like features were 
tracked for the humping condition. Due to the dynamic characteristics of 
the meltpool, these are observed to have varying shape and direction 
through the frames.

Five meltpool flow measurements were performed for each process 
regime; Fig. 15 illustrates the mean meltpool flow for nominal, hump
ing, and humping-induced porosity along with the corresponding ± 1 
standard deviation. The results indicate that the average meltpool flow 
velocity at the surface of the meltpool is higher during humping and 
humping-induced porosity conditions (200 to 300 mm•s− 1) compared to 
the nominal condition (125 mm•s− 1) due to the persistent backflow of 
the meltpool, as discussed in Sec. 4.2 and 4.3, and in close agreement 
with the literature [27]. Further, the meltpool flow velocity is signifi
cantly larger for humping-induced porosity (300 mm•s− 1) compared to 
humping (200 mm•s− 1) on account of the larger backflow. These results 
indicate that while humping and humping-induced porosity may appear 
similar, they involve distinct physical behaviors at the meltpool scale. A 
statistically significant difference (ANOVA, p-value of 0.003) was 
ascertained between the three process regimes. In the following section, 
we automate the detection of process instabilities using geometrical 
features extracted from the high-speed meltpool imaging data, through 
machine learning.

4.5. Process monitoring and machine learning

The meltpool images acquired from the high-speed camera are used 
for monitoring the process state. The aim is to classify the process state 
into nominal, humping, and humping-induced porosity. Specifically, 
physically-intuitive meltpool morphology features are extracted from 
the images. These meltpool morphology features are subsequently used 
as inputs to simple machine learning models, such as logistic regression, 
k-nearest neighbors, support vector machine, and shallow neural net
works. These machine learning models are trained based on manually- 
labelled meltpool images.

The foregoing process monitoring approach is termed process-aware 
machine learning as it uses only four physically intuitive meltpool 

morphology features. As a benchmark, the results from the process- 
aware machine learning approach are compared with a deep learning, 
convolutional neural network algorithm that directly uses the meltpool 
images, as opposed to meltpool features. The process-aware machine 
learning approach comprises of three main steps: (i) image pre- 
processing, and (ii) feature extraction, and (iii) model training. These 
steps are described herewith.

4.6. Image pre-processing and feature extraction

Image pre-processing demarcates the meltpool boundary and sepa
rates it from surrounding artifacts, such as the wire, plume from the 
shielding gas, solidified layer, and reflections. The full pre-processing 
procedure was computationally implemented in the Python 3.7 pro
gramming language, with the support of the OpenCV library. A visual 
depiction of the pre-processing procedure is shown in Fig. 16 and is 
further detailed in Appendix A. Once the appropriate parameters for 
these steps are identified, they can operate on an image in an online 
manner.

The detection of the meltpool contour was achieved via three 
sequential computer vision procedures, namely: Gaussian blurring, two 
step binary thresholding, and border tracing [43]. The two initial pro
cedures reduce the surrounding noise and detect the shape of the 
meltpool. The third procedure traces a closed border around the melt
pool. First, a Gaussian blurring filter is applied to an input grayscale 
image of the meltpool region, as represented in Fig. 16(a) and (b). 
Gaussian blurring reduces the noise and smoothens the edges to improve 
the accuracy of the contour detection.

Second, the image is binarized using a fixed threshold, illustrated in 
Fig. 16(c), to differentiate between bright areas, which includes the 
meltpool region, and its surrounding noise. This fixed threshold was 
ascertained via heuristic observations, and remained fixed throughout. 
We note that in Fig. 16(d) the binarized image also includes the solidi
fied layer and plume surrounding the meltpool. The binarized image is 
further analyzed pixel row-by-pixel row to eliminate artifacts, such as 
spatter particles. The largest contour or outer border from the pre- 
processed image largest contour is identified, as depicted with the red 
border in Fig. 16(d).

Third, after the identification of the outer contour, an adaptative 
threshold approach is employed to remove the solidified layer and 
plume, identified by the yellow shaded area in Fig. 16(e). Adaptative 
thresholding accounts for variations in pixel intensity caused by the 
variation of wire feed speed, and variations in background illumination 
and reflection of light from external objects. The resulting contour now 
only encompasses the desired meltpool boundary depicted in Fig. 16(e) 
and (f) with the green contour.

Finally, from the meltpool contour a so-called meltpool region 
skeleton is estimated encompassing the four fiducial coordinates shown 
in Fig. 16(f). These fiducials include the two farthest horizontal points in 
the travel direction, identified as the tail and front of the meltpool; the 
lowest point of the meltpool contour; and the centroid of the meltpool 
region. From these fiducials, four Euclidean distances and three angles 

Fig. 13. Image processing and tracking of the meltpool features at the surface. (a) Raw image as acquired by the high-speed camera. (b) Application of the Sobel filter 
highlighting the edges of the constituents of the meltpool surface.
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are identified. The rationale for these process signatures (features) is 
detailed in the following section.

Next, as shown in Fig. 17, a total of four meltpool shape or 
morphology features are extracted from the meltpool skeleton. These 
features (process signatures) are used as inputs for machine learning 
models. Each of the features extracted from the process images are 
detailed and their physical correlation to the process is explained.

The meltpool region area (Am) is the number of pixels encompassed 
within the meltpool contour. The meltpool area is symptomatic of 

process instability. As previously illustrated in the context of humping 
(Fig. 11) and humping-induced porosity (Fig. 12), a sharp reduction in 
meltpool area is an indication of early solidification in the valley region 
of the meltpool on account of restricted material flow to the front of the 
meltpool.

Further, as depicted in Fig. 17, three angles, labeled α, β, and θ 
derived from the meltpool skeleton are used as features. The angles α 
and β are the angles subtended by the segment joining the tail and front 
fiducial points, and the centroid of the meltpool. Likewise, the angle θ is 
demarcated in Fig. 17. These angles estimate the curvature of the 
meltpool region on account of accumulation of material in the tail of the 
meltpool, characteristic of the humping and humping-induced porosity.

The rationale for selection of meltpool angles is further motivated in 
Fig. 18, in which a meltpool from the nominal layer is compared to a 
meltpool from a humping flawed layer. In Fig. 18(a), the angles, α0 and 
β0, for the nominal process state are larger than their counterparts α1 
and β1, depicted in Fig. 18(b) during humping formation due to material 
buildup at the meltpool tail. This is because, the rapid solidification of 
the material in the valley region during humping, evident in Fig. 18(a), 
shifts the centroid further below. Likewise, Fig. 18(c) and (d) illustrates 
the changes in θ on account of humping formation. The accretion of 
material in the tail region of the meltpool, followed by rapid solidifi
cation of the layer takes a concave shape due to the humping geometry, 
resulting in a decrease of the θ angle.

Summarized in Fig. 19 is the statistical behavior of each of the four 
features with respect to the three process states. For example, the dis
tribution of the meltpool area (Am) in Fig. 19(a) whilst multi-modal, has 
distinctive differences between process states. The demarcation of pro
cess states is relatively more discernable from the distribution of the 
angles α, β and θ reported in Fig. 19(b)-(d). These qualitative results 
indicate that the onset of humping and humping-induced porosity, 

Fig. 14. Meltpool feature tracking for the process regimes identified in this study identifying the tracked feature and the direction of the flow. (a) Nominal process 
conditions. (b) Humping flaw formation. (c) Humping-induced porosity.

Fig. 15. Average and ±1 standard deviation meltpool flow velocity estimated 
from high-speed imaging for nominal, humping and humping-induced porosity. 
Humping and humping-induced porosity conditions reveal a higher meltpool 
flow velocity concordant with significant material backflow (n = 5 for 
each condition).
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Fig. 16. Image pre-processing procedures: (a) input raw greyscale image. (b) gaussian blurring is applied to smooth the edges. (c) pixel binarization is applied by 
using a fixed threshold. (d) general contour detected from the fixed binarization. (e) adaptative binarization is used to identify the meltpool region and relegate the 
unwanted area from the final contour (green). (f) a meltpool “skeleton” is drawn, based on the computation of key angles and distances that link the melt pool 
contour extreme points and centroid. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 17. Morphology features extracted from the skeleton: morphology is measured by the meltpool region area and by a set of angles that estimate the meltpool 
concavity and depth.

Fig. 18. Changes in angles α, β and θ for a deposition nominal and flawed conditions (material buildup at meltpool tail). (a) Angles α and β for a meltpool under 
nominal conditions. (b) No visible changes for both α and β when material accumulates at the tail of the meltpool. (c)Angle θ under nominal. (d) Angle θ decreases as 
material starts to build up at the meltpool tail indicating the start of the humping flaw.
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which affects the curvature of the meltpool, is reflected in the meltpool 
angles and area. However, given their complex statistical distributions 
there is a need to employ machine learning algorithms to discern trends 
within the data.

4.7. Machine learning

The general architecture of the process-aware machine learning 
approach is shown in Fig. 20. A hierarchical supervised machine 
learning approach was developed to classify the part condition based on 

the meltpool region morphology. The model architecture consists of two 
echelons. The first echelon classifies the process into either nominal 
state, i.e., flaw-free at a macro scale, or process instability encompassing 
both humping and humping-induced porosity conditions. The second 
echelon further stratifies the specific type of instability into humping or 
humping-induced porosity. The two-echelon approach minimized con
founding between the two types of instabilities.

The need for a two-echelon machine learning model is rationalized 
as follows. In the initial stages of model development, a direct, single- 
class multi-class classification approach was tested. However, a single 

Fig. 19. Data distribution for the features extracted from the WA-DED process imaging: (a) Meltpool region area, (b) angle α, (c) angle θ, (d) angle β.

Fig. 20. Machine learning workflow: input meltpool images are pre-processed for contour detection and feature extraction of morphology and intensity data. 
Machine learning models are used to detect flaws (1st echelon) and the flawed layers are further classified into the specific type of flaw (2nd echelon) completing this 
two-hierarchy classification task.
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echelon model failed to reliably distinguish (classify) between humping 
and humping-induced porosity with F1-score <50 %. This is likely due 
to, similarities between, and transient nature of humping and humping- 
induced porosity. As noted in the context of the high-speed imaging data 
in Sec. 4, humping and humping-induced porosity share several com
monalities, and there is a large overlap in the meltpool features 
extracted (Fig. 19). To overcome the confusion between humping and 
humping-induced porosity, a two-echelon classification strategy was 
implemented where the first echelon just differentiates between a 
flawed and a flaw-free deposition, and the second echelon predicts the 
type of flaw.

To explain further, the first echelon classifying the process state as 
nominal or instability furnishes a relatively more balanced dataset 
concerning the type of instability in the second echelon. As represented 
in Fig. 20, a 10-frame moving average is applied to all the four input 
features to minimize the uncertainty resulting from variations in the 
tracing of the meltpool boundary.

Four extensively used supervised machine learning models were 
tested, based on their ease of implementation, namely: K-Nearest 
Neighbors (KNN), Logistic Regression (LR), Support Vector Machine 
(SVM), and a shallow Artificial Neural Network (ANN). At both echelons 
the same type of machine learning model is used. The classification fi
delity for each of the models was measured in terms of the F1-score and 
the Mathews Correlation Coefficient (MCC). The F1-score assesses both 
false positive and false negative misclassifications while the MCC pro
vides a robust metric for model performance with imbalanced datasets 
[44].

The relevant aspects of the implemented machine learning models 
are summarized in Table 2. These machine learning models were 
benchmarked against a pre-trained deep learning convolutional neural 
network (CNN) called Visual Graphics Group (VGG16) [45]. The VGG16 
model is trained on the ImageNet dataset [46] (i.e., over 14 million 
labelled images) and its application to specific problems is operation
alized via transfer learning. Due to its pre-trained nature and efficiency 
in image classification tasks this model is used in this research as the 
benchmark. This black box model was implemented in Python through 
the use of the TensorFlow library.

The training data was used to adjust the hyperparameters, summa
rized in Table 2. The model performance was assessed via 4-fold cross- 
validation on the training data. The training data subset is never 
aliased with testing data. The dataset for the first echelon was comprised 
of 30,996 total input–output pairs.

Further, a 64:36 training–testing data split was imposed. Considering 
these data divisions, a total of 20,351 datapoints were used for training 

while 10,645 datapoints were employed for testing of the model in the 
first echelon. The dataset is balanced such that there are 10,332 datasets 
for each of the three process states. The dataset was labeled on a layer- 
by-layer basis through visual observation. During the stratification of 
training and testing data, images from an entire individual layer were 
preferred over a randomized dataset to mitigate between layer variation 
from confounding the results.

Due to the transitory nature of humping and humping-induced 
porosity in the WA-DED process, and for purposes of balancing the ac
quired dataset, we used data acquired for 18 layers. For training, 12 
layers were used, consisting of 4 layers representing the nominal con
dition, 4 humping, and 4 humping-induced porosity. Whilst 6 layers, 
distinct from the training layers, were quarantined for testing. The 
testing layers encapsulate: 2 nominal, 2 humping, and 2 humping- 
induced porosity layers.

All the layers labeled as unstable in the 1st echelon were also used to 
train and validate the 2nd echelon model. For the training and testing of 
this 2nd echelon, the dataset was comprised of 20,576 input–output 
pairs. The data is balanced; 10,049 datapoints belong to humping layers, 
and 10,521 data points to parts with humping-induced porosity layers. 
The training data for the second echelon comprises of 8 layers (4 layers 
for each type of instability), and 4 layers from each type were employed 
in the training and hyperparameter tuning of the models, while two 
layers from each were stored for model testing. The performance of the 
process-aware supervised machine learning models, i.e., KNN, LR, SVM, 
ANN were compared against a pre-trained deep learning CNN VGG16 
architecture, which directly uses the raw, as-received meltpool images 
as inputs without the pre-processing and feature extraction steps pre
viously discussed in this work.

Note on the need for segregating the meltpool images into layer-wise 
training and testing datasets: We deliberately used a layer-based strati
fication of the data for the composition of our training and validation 
datasets to avoid data leakage. In other words, the meltpool images for 
training and testing the model are sources from separate layers. Melt
pool images for testing are not acquired from the same layer as the 
meltpool images used for model validation. This layer-wise data strategy 
is distinctive from the typically recommended randomized data split 
approach, where data is randomly assigned to training and validation 
classes. The randomized data split approach is not used herein because 
there is a high probability that the training and validation sets would 
have images with high spatio-temporal proximity and similarity, i.e. 
data leakage. This data leakage would cause the machine learning model 
to (misleadingly) have high predictability based on learn patterns spe
cific to individual layers. Through the usage of entire layers exclusively 
used in training or in the validation of the models, we ensure that 
validation metrics are performed with inherently slightly different 
meltpool images, which in turn result in marginal changes in the fea
tures that were not previously seen by the model. We consider that the 

Table 2 
Relevant aspects of the four supervised machine learning models deployed in 
this work.

Model Type Summary

Logistic Regression (LR) − Linear discriminating equation 
− L2 regularization penalty 
− Inverse regularization strength (C): 0.00001 
− Tolerance for stopping criterion: 0.001 
− Solver: L-BFGS

Artificial Neural Network (ANN) − Number of hidden layers: 2 
− Number of neurons: 10 
− Activation function: rectified linear unit 
− L2 Regularization 
− Solver: L-BFGS

Support Vector Machine (SVM) − Soft margin classifier 
− Nonlinear kernel: Radial Basis 
− L2 Regularization 
− Kernel coefficient (gamma): 1 
− Inverse regularization strength (C): 10 
− Tolerance for stopping criterion: 0.001

K-Nearest Neighbors (KNN) − Number of neighbors: 7 
− Algorithm: Ball Tree 
− Distance metric: Manhattan

Table 3 
Classification performance for all tested classification algorithms. Logistic 
Regression (LR); Artificial Neural Networks (ANN); Support Vector Machine 
(SVM); k-Nearest Neighbors (kNN); Visual Geometry Group 16 (VGG16).

Stage Model 1st echelon 
(Flaw detection)

2nd echelon 
(Failure type 
detection)

F1- 
Score

MCC F1- 
Score

MCC

Correlation (regression) 
model.

LR 80.6 % 0.000 65.8 % 0.012

Process-aware machine 
learning models.

ANN 94.2 % 0.839 84.1 % 0.762
SVM 93.6 % 0.825 80.4 % 0.715
kNN 93.0 % 0.812 57.0 % 0.5

Deep learning benchmark −
Convolution neural 
network (CNN).

VGG16 74.1 % 0.601 66.8 % 0.138
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layer-wise training and validation approach was essential to ensure an 
accurate description of the model’s performance, and also ensure that 
the model would be generalizable.

The F1-score and MCC for each of the models for both echelons 
exclusively comprising of testing data with 10,332 meltpool images for 
each class, are summarized in Table 3 and visualized in Fig. 21. We 
reiterate that the first echelon focuses on flaw detection, i.e., nominal 
(conformity) vs. flaw formation; it does not distinguish between the type 
of flaw. The second echelon classifies the specific type of flaw.

All four process-aware machine learning models tested in this work 
have a classification accuracy (nominal vs unstable) exceeding 80 %, 
with the ANN achieving F1-Scores ≈ 94 %. Apart from the F1-score we 
also computed the MCC, viz., a performance metric for binary classifi
cations, especially if the dataset was unbalanced. The MCC ranges be
tween 1 and − 1; 1 for a perfect prediction, –1 for an inverse prediction; 
and 0 for a random guess. The MCC considers all the elements in the 
confusion matrix, making it suitable for evaluating unbalanced datasets, 
contrary to the F1-score which does not consider the true negative ele
ments. Albeit the dataset in this work was balanced, we chose to report 
the MCC in addition to the F1-scores for all the models tested to provide 
a single metric that accounts for all the predicted elements in the 
confusion matrix.

While most of the models show an MCC above 0.8 for the first ech
elon, the simple logistic regression (LR) model has an MCC of 0, 
equivalent to a random prediction of process state, indicating that 
simple correlation-based linear models are incapable of detecting 
incipient process flaws. The failure in identifying the process states 
originates from the major overlap in the data distribution of the features 
for each process states considered, in addition to the complex relation 
between those features, which cannot be identified by simple linear 
correlations.

In the second echelon, where the model distinguishes between the 
type of flaw, i.e., humping and humping-induced porosity, a decrease in 
model performance is noticeable throughout all models tested when 
compared to the first echelon. This performance deterioration in the 
second echelon underscores the complexity of providing an accurate 
distinction between humping and humping-induced flaws. Despite the 
generalized reduction in model performance, the process-aware ANN 
model reported the F1-score of 84.1 % and an MCC of 0.762. By contrast, 
the VGG16 as a benchmark representative of black-box deep-learning 
model, achieved F1-score of 74 % and 66 % for the first and second 
echelon, respectively, with a corresponding MCC of 0.601 and 0.138. 
These classification results highlight the utility of high-speed meltpool 
imaging to detect process flaws in WA-DED. Additionally, these results 
show that the process-aware models outperform the VGG16 black-box 
deep learning model in both echelons, i.e., detection and classification 
of instabilities.

Note on model generalizability: While the model predicted the onset 
of process instability with F1-score approaching 85 %, these results are 
specific to ER90S-G mild steel. The transferability of the model to other 
materials, such as aluminum, titanium alloys, Inconel is likely to be 
limited, because the material properties, such as thermal conductivity, 
viscosity, or melting point have a consequential effect on the meltpool 
dynamics [47]. Therefore, while the extracted meltpool features are 
likely to capture process instability, the model would likely require 
retraining due to a change in the interaction between the features. 
Additionally, variation in the welding process also have an effect on the 
meltpool dynamics [48]. Lastly, the current machine learning pipeline is 
based on extraction of simple, process-aware feature from high-speed 
imaging of the meltpool region to enable future real-time monitoring 
and closed—loop process control.

5. Conclusions and future work

In this work we elucidated through in-operando high-speed imaging 
the causal meltpool-scale phenomena at the root of humping and 
humping porosity process instabilities in WA-DED. Further, the high- 
speed imaging data was used for real-time monitoring of process 
instabilities.

Through analysis of the meltpool imaging we identified the dynamic 
meltpool phenomena inherent to humping and humping-porosity in
stabilities formation. The observed formation of the humping flaw was 
consistent with the numerical simulations in the literature. These ob
servations explain the genesis of sub-surface and surface-level porosity 
in WA-DED. To summarize, in humping, material accretion in the tail 
region of the meltpool combined with the restricted flow of material 
toward the front of the meltpool causes a deep valley that rapidly so
lidifies relative to the rest of the meltpool. Humping-induced porosity 
occurs as a result of severe, unchecked humping instability which cause 
variations in the contact tip-to-work distance (CTWD), disrupting the 
flow of the shielding gas.

Next, we extracted four meltpool-related features (process signa
tures) symptomatic of process state from the high-speed meltpool im
ages, and subsequently, employed these features as inputs to machine 
learning models. This process-aware machine learning approach requires 
just four meltpool morphology features, and provide detection fidelity ≈
84 % (F1-score). By comparison, a complex, deep learning model that 
directly uses the data without leveraging any insight into the causal 
physics, is capable of F1-score < 66 %.

The main limitation of this work is that the high-speed imaging 
camera is in a staring configuration (Eulerian reference frame). Hence, 
the approach is constrained to single-bead, thin-wall parts. The sensing 
setup also does not account for the production of overhang geometries 
where the meltpool shape may change. To overcome this limitation, in 

Fig. 21. Bar plot of the model results for 1st and 2nd echelon. (a) F1-Score (b) Mathew’s Correlation Coefficients.
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our future work, we will install the camera such that it translates along 
with the torch (Lagrangian reference frame), thus enabling monitoring 
of multi-bead parts with complex geometries. Furthermore, we will 
endeavor to identify and detect additional flaws such as cracking and 
lack-of-fusion porosity using a similar approach.
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Appendix A:. Image pre-processing algorithm.

Algorithm 1 – Image pre-processing: A computer vision approach is applied to detect the contour of the meltpool and to 
draw the meltpool skeleton.

Input: grayscale meltpool image
Apply gaussian blur
Binarize meltpool image with an initial threshold T = 30 pixels
For every image row do:
Count non-zero pixels for the row
If count ≤ 20 then:
Nullify full row
Detect biggest contour in the meltpool image
Compute the average grayscale intensity μ within the contour
Update the binary threshold T = μ • 1.1
If T ≤ maximum pixel value within the contour then:
Binarize meltpool image with threshold T
Else:
Binarize meltpool image with threshold μ
Detect biggest contour in the binarized image
Detect the meltpool left limit, right limit, low limit, and centroid from the biggest contour

Data availability

Data will be made available on request.
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