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Abstract
Wire arc additive manufacturing (WAAM) demands both real-time monitoring of process stabi-supervised learning for 
real-time anomility and defects and offline optimisation of process parameters to guarantee part quality and production 
efficiency. This review critically surveys recent machine learning (ML) techniques for in situ monitoring and parameter 
optimisation in WAAM, with an emphasis on the integration of ML and bio-inspired optimisation algorithms. In relation to 
in-situ monitoring, this review examines the roles of supervised and unsupervised learning, as well as advanced deep-learning 
architectures—such as generative AI and frequency-informed neural networks—in processing welding current and welding 
voltage, as well as vision-based, audible, acoustic-emission, and thermal imaging data. Furthermore, this paper surveys the 
latest developments in bio-inspired optimisation models applied to WAAM, discussing how ML-enabled frameworks can 
enhance sustainability and efficiency metrics in the offline selection of optimal process parameters. The synthesis of insights 
at the end of each section establishes a structured framework for practitioners, highlights existing research gaps, and outlines 
strategic directions for future advancements in ML-driven WAAM monitoring and optimisation.

Keywords  Arc welding · Additive manufacturing · Wire arc additive manufacturing · Process monitoring · Process 
optimisation · Machine learning

1  Introduction

Wire arc additive manufacturing (WAAM) is an additive 
manufacturing technique that utilises an electric arc—gen-
erated through well-established welding technologies such 
as plasma arc welding (PAW) or gas metal arc welding 
(GMAW)—to melt and deposit metal in a layer-by-layer 
manner. However, innovations in arc welding technologies, 
such as double-electrode GMAW (DE-GMAW) [1, 2], are 

increasingly being explored. Indeed, this approach enables 
improvements in deposition rates while decoupling them 
from the heat input generated during the process, with poten-
tially significant impacts on both the mechanical properties 
and the reduction of production time for large-scale parts. 
The robotic WAAM process was first proposed in the early  
1990 s by Ribeiro and Norrish [3], who demonstrated the 
feasibility of using arc welding to fabricate metallic proto-
types. Since then, WAAM systems have remained relatively 
unchanged in their fundamental configuration. They typi-
cally consist of robotic arms controlled by CAD/CAM soft-
ware, integrated with welding machines, thereby enabling 
the production of large-scale metal components. The entire 
process is summarised in Fig. 1.

WAAM has become a well-established research topic, 
with over 3000 publications currently available in the lit-
erature. Between 1998 and 2017, the field experienced 
steady, linear growth, with fewer than 80 papers published 
during that period. However, as illustrated in Fig. 2, recent 
years have seen an exponential rise in research output. As 
highlighted by He et al. [4], the early stages of WAAM 
research, up to around 2013, were largely focused on process 
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development, particularly the optimisation of operational 
parameters and automation strategies. From 2013 to 2017, 
the focus shifted towards metallurgical investigations, 
addressing issues such as defect formation [5–7], mechanical 
property enhancement [8–11], and bead geometry modelling 
[12]—key areas underpinning the development of advanced 

slicing techniques [13, 14]. More recently, attention has 
increasingly turned towards real-time quality assurance and, 
notably, the integration of artificial intelligence (AI) for pro-
cess monitoring, control, and optimisation [15].

The growing interest in the application of AI to WAAM is 
largely driven by the need to control susceptibility to defect 

Fig. 1   Overview of the WAAM process: a process workflow, b example of a robotic system, c illustration of the deposition procedure, and d 
example of a final manufactured component

Fig. 2   Number of publications about WAAM technology
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formation during deposition, owing to the complex under-
lying physical phenomena involved. Potential defects may 
include the occurrence of cracks, porosity, geometric devia-
tions, undercutting, and other irregularities. For example, 
Teng et al. demonstrated that the geometry of individual lay-
ers can vary significantly during deposition, even when iden-
tical process parameters are employed. Without an integrated 
process monitoring module, the robotic system may operate 
with an arc length that is either too short or too long, result-
ing in inadequate shielding gas coverage, arc instability, or 
unstable heat input. Furthermore, improper overlap settings 
or fluctuations in layer width can lead to void formation or 
even layer collapse. Indeed, the work of Chen et al. [16] dem-
onstrated that proper process monitoring and the consequent 
feedback control can improve parts quality, representing fun-
damental modules for new generation WAAM systems. As a 
result, nowadays AI technologies represent an enabling tech-
nology for WAAM systems, and they can be utilised at both 
the offline and online stages of the process. Offline, AI can 
serve as an optimisation tool to support process planning and 
parameter selection. Online, trained machine learning (ML) 
models can be employed to monitor the deposition process 
in real time, enabling the detection and diagnosis of anoma-
lies as they occur. Based on these insights, decision support 
systems can then suggest appropriate corrective actions or, in 
more advanced configurations, autonomously adjust process 
parameters to mitigate defects. As explored in this work, AI 
represents an advanced alternative to traditional methods. 
Indeed, regarding online in situ process monitoring, several 
recent studies have compared the monitoring capabilities of 
AI with the standard statistical process monitoring (SPM) 
techniques. In particular, the SPM methods rely on Gaussian 
distribution assumptions to detect out-of-control conditions 
by monitoring deviations outside control limits defined by 
μ ± 3σ, where μ is the mean of the controlled variable (e.g., 
welding voltage) and σ is its standard deviation observed dur-
ing a high-quality deposition process. Applications of this 
approach, which can be extended to the WAAM process, can 
be found in the works of Thekkuden et al. [17], Bancker et al. 
[18], Cook et al. [19], and Feng et al. [20], who applied con-
trol charts to detect weld porosity or shifts in arc stability. 
While such univariate statistical approaches are simple to 
implement and attractive for industrial use when only high-
quality data are available, they often fail to capture subtle 
defects, particularly those associated with frequency-domain 
changes rather than amplitude or mean shifts. In arc-based 
additive processes, anomalies such as porosity or spatter may 
manifest as abnormal frequency peaks or elevated spectral 
energy within specific bandwidths [21], which conventional 
tools may not reliably detect. Furthermore, with the advent 
of the Fourth Industrial Revolution, the growing availabil-
ity of big data and multi-sensor information has highlighted 
additional limitations of traditional SPM techniques, which 

struggle to cope with nonlinear, non-Gaussian data and real-
time monitoring requirements [22]. These challenges under-
score the need for more advanced approaches, paving the 
way for ML to address the complexity of defect formation 
mechanisms in WAAM.

Moreover, regarding process optimisation, while traditional 
approaches based on experimental evidence remain widely 
adopted in the WAAM field, they are largely limited to manual 
knowledge-driven parameter tuning through trial-and-error 
experimentation. Although such methods lack the predictive 
capabilities and scalability of data-driven approaches, they 
often reflect valuable, experience-based decisions and ena-
ble direct observation under real manufacturing conditions, 
thereby helping to identify critical parameter sensitivities. 
Nevertheless, manual tuning is time-consuming, resource-
intensive, and limited in its ability to capture complex param-
eter interactions. By contrast, mathematical models (e.g., 
data-driven approaches) provide a more efficient means of 
exploring broader parameter spaces, including those not 
directly tested in experiments. They facilitate multi-objective 
optimisation, reduce the experimental burden, and are gener-
ally more cost-effective, particularly in industrial contexts.

Therefore, given the growing interest in these techniques, 
this paper provides a timely review of recent advances in the 
application of ML to WAAM, with a specific focus on in situ 
online monitoring and offline process optimisation. While 
the number of publications in this field is rapidly increasing 
each year, no comprehensive review has yet consolidated the 
latest progress in these two crucial areas, especially with a 
focus more industry-oriented. By systematically tracking and 
synthesising recent contributions, this work aims to clarify 
the current state of the art, identify emerging innovations, 
and outline future research directions that can guide both 
academic studies and industrial applications.

This paper is structured as follows: Sect. 2 reviews the 
state of the art of ML algorithms and techniques for data 
processing, together with bio-inspired optimisation meth-
ods, to provide context for readers who may not be familiar 
with the topic. Section 3 focuses on in situ monitoring, 
while Sect. 4 discusses process optimisation. The main 
findings are summarised as bullet points in the Conclusion, 
emphasising the key takeaways and the remaining open 
challenges in this evolving field.

2 � State‑of‑the‑art of machine learning 
models and bio‑inspired optimisation 
algorithms employed in welding 
technology

Machine learning (ML) is a subfield of AI that enables 
systems to automatically learn patterns from data. ML 
algorithms are commonly categorised into supervised, 
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unsupervised, and semi-supervised approaches, as shown 
in Fig. 3, depending on the availability of labelled data and 
the strategy used to process it.

In welding applications, for instance, data are typically 
collected from sensors monitoring signals such as cur-
rent and voltage. However, ML models are usually not 
trained directly on the raw signals, but rather on features 
extracted from them—statistical indicators such as the 
mean, variance, or shape descriptors such as minimum and 
maximum values. These features form the input data (com-
monly denoted as X). A second essential concept in ML 
is the label (Y), which represents the meaning or classifi-
cation associated with each data point, or the continuous 
value in a regression problem (e.g., layer geometry). For 
example, each input vector—whether it consists of features 
from time-series signals or pixels from an image—may 
be labelled by an expert as normal or defective, possibly 
including additional information such as the type of defect 
or recommended corrective action. When both X and Y are 
available, a supervised learning model can be trained to 
map inputs to outputs and be used for future predictions.

If only the input data X is available (i.e., without 
labels), then unsupervised learning methods are employed. 
These aim to discover inherent structures or similarities in 
the data by applying distance-based metrics (e.g., Euclid-
ean distance) to group similar data points, often using 
clustering techniques.

Supervised learning models, while powerful, can suf-
fer from overfitting, especially when trained on small or 
imbalanced datasets—i.e., datasets with significantly more 
examples from one class than another. In such cases, model 
generalisation becomes poor. To mitigate this, a sufficiently 
large and balanced dataset is typically required. In scenar-
ios where labelled data are limited or expensive to obtain, 

two alternative approaches are gaining traction in welding 
applications:

•	 Unsupervised learning can be used for soft classification 
or anomaly detection by clustering the data and assigning 
new samples to the most similar cluster without requiring 
predefined input-output mapping.

•	 Semi-supervised learning, a more recent and promising 
approach, particularly in welding, allows models to be 
trained using a small amount of labelled data and a larger 
set of unlabelled data. A specific case is one-class learn-
ing, where the model is trained solely on normal data and 
then used to detect deviations from this learned behav-
iour—making it ideal for anomaly detection in quality 
assurance tasks.

As briefly mentioned, ML models can be classified not 
only based on the learning approach employed, but also 
according to the type of prediction task: regression or clas-
sification. Common applications of classification models 
include multi-class classification, where features or images 
are mapped to specific types of defects, and binary classifi-
cation, where the output is a value between 0 and 1 repre-
senting the probability that a given feature vector belongs to 
a particular class. Binary classification is frequently used in 
anomaly detection, where anomalies represent rare or unu-
sual data, often associated with faults in the system. These 
may correspond to specific or generic defects, without neces-
sarily specifying their exact nature.

With regard to regression tasks, univariate regression 
involves predicting a single continuous variable—such as 
penetration depth [23–25] or layer width [26]—while mul-
tivariate regression predicts multiple outputs simultaneously 
[12, 27, 28]. The latter is often used in bead modelling, 

Fig. 3   Difference between supervised and unsupervised learning based on the training data type
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which is a critical activity in WAAM. Bead modelling esti-
mates layer geometry (height and width) based on the pro-
cess parameters, allowing the use of data-driven models to 
determine optimal overlapping distances—typically around 
70% of the layer width [14, 29]—between adjacent passes to 
ensure proper filling of the part geometry. It also enables the 
calculation of the number of slices required to fabricate the 
final component. This is crucial, as identifying the correct 
starting point for deposition is essential for robot path plan-
ning and the generation of robot code, as illustrated in Fig. 4.

However, regression models are not limited to path plan-
ning. They can also be integrated into offline data-driven 
optimisation routines, for instance by employing techniques 
such as genetic algorithms or reinforcement learning for 
parameter selection and path planning [30–32]. While the 
detailed discussion of bead modelling and AI-based path 
planning lies beyond the scope of this review, the role of 
regression models in WAAM is highly significant. There-
fore, in this section, we present both classification mod-
els—typically used for process monitoring—and regression 
models, which are applied not only in offline optimisation 
but also, in some cases, for anomaly detection in predictive 
maintenance frameworks and in the development of digital 
twins [33].

A digital twin (DT) is a virtual replica of a physical sys-
tem, capable of accurately estimating process outputs and 
forecasting future behaviour. Such forecasts can be used to 

detect anomalies by comparing predicted and actual perfor-
mance, or to anticipate failures. As shown in Fig. 5, a DT 
uses all the mentioned models in the cyber-space to elabo-
rate the data and interact with the human via the dashboard 
in the cognitive layer (visualising the main features extracted 
and the outcome of monitoring modules and/or suggesting 
actions via decision support system) and to make action in 
the configuration layer [34]. Another emerging application 
is in control system development, which, although still rela-
tively unexplored in welding-based AM, has begun to attract 
interest. Some recent studies have highlighted the potential 
of regression models and digital twins for the development 
of reduced-order models in this context [35–37].

Although the topics presented reflect a general overview 
of ML applications in welding technologies, two specific 
subfields of ML remain particularly relevant to this trans-
formative area. The first is deep learning (DL), which 
encompasses a family of neural network-based architectures, 
including standard feedforward networks, recurrent neural 
networks (RNNs)—and their more recent developments 
such as long short-term memory (LSTM) networks, gated 
recurrent units (GRUs), and Transformers—as well as con-
volutional neural networks (CNNs). The latter two are par-
ticularly well-suited for processing sequential data or time 
series and images, respectively. Additionally, a noteworthy 
subfield of DL is generative artificial intelligence (GenAI), 
which focuses on generating new data that resembles the 

Fig. 4   Importance of correctly predict layer width and the optimal selection of overlapping
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training data. While DL models are often employed as more 
powerful—even though more complex to train—alternatives 
to traditional regression and classification algorithms, they 
offer considerable advantages, especially in handling time 
series and image data. A more detailed discussion on their 
specific applications will follow later in this section, prior 
to the presentation of the state-of-the-art. GenAI, in contrast 
to traditional DL models that primarily classify or predict, 
employs models such as generative adversarial networks 
(GANs) and large language models (LLMs) to synthesise 
entirely new outputs, including images, text, audio, or even 
3D models, based on the data observed during the training. 
In the context of welding, GenAI models have been applied 
for data augmentation [38], simulating realistic defect sce-
narios to enhance classification accuracy in anomaly detec-
tion systems, and process modelling [39–41]. In the broader 
field of additive manufacturing, they have also been used to 
design optimised component geometries [42], demonstrating 
the versatility and potential of generative approaches.

2.1 � Machine learning models

2.1.1 � Regression models

As discussed, both regression and classification tasks can 
be addressed using ML models. To elaborate, regression 
analysis is a modelling technique employed to describe the 

relationship between a continuous dependent variable Y 
(output) and one or more independent variables X (inputs 
or features) through a mathematical formulation, as illus-
trated in Eq. 1, and various optimisation methods (ML tech-
niques) may be employed to estimate the model parameters 
� , depending on the complexity of the problem and the 
nature of the data.

Linear and polynomial regressions are among the sim-
plest modelling techniques, and are effective when the rela-
tionship between the input variables X and the output Y 
is approximately linear. This implies that each feature is 
linearly correlated with the target variable and that multi-
collinearity among the features is limited. In the absence of 
multicollinearity, these models can employ ordinary least 
squares (OLS) estimation to compute the model weights in 
closed form, thereby providing a straightforward analytical 
solution for the underlying relationship. When multicollin-
earity is present, however, the estimated weights in a linear 
regression-based model can become unstable or excessively 
large. In such cases, regularisation methods such as Ridge 
regression, which penalise large weight coefficients, can be 
used to mitigate the issue.

Beyond these basic models, more advanced machine 
learning approaches such as support vector regression (SVR) 

(1)Y = f�(X)

Fig. 5   An example of an ML-based digital twin architecture for a WAAM system
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and Gaussian process regression (GPR) are widely adopted 
for handling non-linear regression tasks. SVR is particu-
larly effective in the presence of non-linear correlations and 
can perform robustly even when the dataset includes out-
liers, thanks to its margin-based optimisation framework. 
Compared to polynomial regression, which may overfit and 
become sensitive to outliers, SVR typically requires fewer 
data cleaning steps and performs well with smaller data-
sets. Conversely, GPR provides a Bayesian, non-parametric 
approach to regression. In addition to point predictions, GPR 
outputs predictive confidence intervals, making it particu-
larly suitable for applications where uncertainty quantifica-
tion is essential. Unlike traditional models, GPR does not 
assume a specific form for the data distribution; instead, it 
relies on the covariance function (kernel) to model relation-
ships within the data (see Eq. 2).

In Eq. 2, m is the mean function, which is often assumed 
equal to zero, � is the variance of the Gaussian noise, while 
k
(

x, x′
)

 is the kernel function, in which x and x’ are two 
samples of the dataset, measuring the covariance of the out-
puts generated by different samples of the train dataset. For 
this reason, GPR is well-suited to small- to medium-sized 
datasets, such as those commonly encountered in industrial 
settings, including welding process modelling. However, the 
results—particularly the confidence intervals—are sensitive 
to the choice of kernel, which is typically a combination of 
different functions, such as linear and radial basis function 
(RBF) kernels.

2.1.2 � Classification models

Although these models are the most commonly employed for 
regression, other ML models are widely used for multi-class 
classification, which is typically applied in defect detection. 
Given the complexity of these tasks—which often involve 
partitioning the feature space into distinct regions, each 
corresponding to a specific class—decision tree models 
and their variants are commonly employed. These include 
ensembles of decision trees, such as random forests, and 
boosting algorithms like XGBoost, which are particularly 
effective for classification problems.

In particular, decision trees recursively split the dataset 
into subsets based on input feature values, forming a tree-
like structure where each internal node represents a deci-
sion based on a feature, and each leaf node corresponds to 
a class label. The tree is constructed by selecting splits that 
maximise information gain or minimise impurity meas-
ures such as Gini impurity or entropy. While decision trees 
are interpretable and easy to visualise, they are prone to 

(2)Y = GP
(

m(X), k
(

x, x
�
))

+ ��

overfitting, especially when the tree grows deep. There-
fore, hyperparameter tuning—such as setting the maxi-
mum depth and minimum samples required for a split—
must be performed carefully. To overcome the limitations 
of single decision trees, random forests were developed 
as an ensemble learning method. Random forests build 
multiple decision trees during training, with each tree 
trained on a random subset of the data via bootstrapping. 
Furthermore, at each split, only a random subset of fea-
tures is considered. The final classification is determined 
by aggregating the predictions from all trees, typically 
using majority voting. This ensemble approach signifi-
cantly reduces overfitting, improves predictive accuracy, 
and enhances robustness. The difference between decision 
tree and random forest is illustrated in Fig. 6.

An advanced technique is boosting, which combines 
multiple weak learners—typically shallow decision trees. 
Unlike random forests, where trees are constructed inde-
pendently, boosting trains models sequentially. Each 
subsequent weak learner, in addition to using the input 
features, aims to correct the errors made by the previous 
predictions. A well-known example of this approach is 
extreme gradient boosting (XGBoost), in which the objec-
tive function can be expressed as in Eq. 3, where l is the 
loss that calculates the error between the predicted values 
ŷi
t−1 from the previous iteration and the true value yi , con-

sidering the output of the t-th decision tree, while Ω(fk) is 
the regularisation term for the kth tree.

The regularisation function Ω(f) for an individual tree 
is typically defined as in Eq. 4, and it is crucial to prevent 
overfitting, where T  is the number of leaves in the tree, and 
wj are the leaf weights.

Although these decision tree-based models can also be 
used for regression, as they operate in a similar manner, 
their regression outputs are often not smooth. Moreover, 
when the model is complex, they tend to perform poorly 
on relatively simple data. However, XGBoost has begun 
to be applied in process modelling tasks, as it can achieve 
performance comparable to more complex models such as 
feedforward neural networks [43].

2.1.3 � Soft‑classification models

As mentioned, supervised learning techniques require large 
and balanced datasets to perform effectively. However, in 

(3)L =

n
∑

i=1

l
(

ŷi
t−1

+ ft
(

xi
)

, yi

)

+

n
∑

i=1

Ω
(

fk
)

(4)Ω
(

fk
)

= �T +
1

2
�

T
∑

j=1

w2

j



	 Welding in the World

industrial settings, collecting sufficient data for classifica-
tion tasks can be particularly challenging, especially when 
it comes to defective samples. These are often rare and not 
available in the quantities needed to train supervised mod-
els reliably. Therefore, in such cases, unsupervised learning 
can be employed to develop soft-classification procedures, 
enabling the detection or differentiation of patterns without 
the need for labelled data.

As detailed in [44], if the dataset is partially labelled 
or has a limited number of samples for each class, clus-
tering can group data points in the feature space based 
on the similarity of their characteristics. Once clusters 

are formed, a simple distance-to-centroid method can be 
used to assign a class label to new samples. This approach, 
shown in Fig. 7, enables classification in scenarios where 
traditional supervised learning may be impractical, mak-
ing it ideal in industrial settings, where data often exhibit 
a predominance of non-defective samples or suffer from 
significant class imbalance.

Among the advanced clustering techniques suitable for 
online process monitoring, K-Means, DBSCAN, and Gauss-
ian mixture models (GMMs) offer a favourable balance 
between computational efficiency and robust performance. 
Other methods, such as t-SNE and UMAP, can also be used 

Fig. 6   Schematic difference between the decision tree model and the ensemble of decision trees or the random forest model

Fig. 7   Clustering approach 
utilised in [44]
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to group and identify clusters; however, due to their high 
computational cost, their implementation is often impracti-
cal for real-time monitoring systems, which typically require 
response times on the order of 100 ms (depending on the 
application’s timing constraints).

The K-Means algorithm partitions a dataset into k distinct 
clusters by minimising the within-cluster sum of squares. 
It operates iteratively by assigning data points to the near-
est cluster centroid and subsequently updating the centroids 
based on the mean position of the assigned points. Due to its 
simplicity and computational efficiency, K-Means is widely 
employed in real-time pattern recognition and process moni-
toring applications. However, its reliance on the Euclidean 
distance metric and the assumption of spherical clusters 
with uniform density limit its effectiveness in more com-
plex scenarios. In contrast, Density-Based Spatial Clustering 
of Applications with Noise (DBSCAN) identifies clusters 
based on data density, allowing the detection of arbitrarily 
shaped clusters and the ability to distinguish noise or outli-
ers, without requiring prior specification of the number of 
clusters. Rather than relying solely on Euclidean distance, 
DBSCAN identifies the k nearest neighbours around a sam-
ple within a specified distance threshold and classifies it as 
part of a cluster if at least n neighbouring points are found.

An advanced alternative is the GMM [45], which repre-
sents the data as a weighted sum of M component D-variate 
Gaussian distributions, as shown in Eq. 5. Here, x denotes 
a D-dimensional continuous-valued data vector (e.g., meas-
urements or features), while the covariance matrix Σ and the 
mean vector μ of the M components are parameterised by λ.

Unlike K-Means, which assigns data points to the near-
est cluster centroid, and DBSCAN, which relies on density-
based connectivity, GMMs perform probabilistic clustering, 
assigning data points to clusters based on the likelihood 
of belonging to each Gaussian component. In contrast to 
DBSCAN, GMMs assume a parametric form and require the 
number of clusters to be specified a priori, but are less sensi-
tive to parameter tuning and can handle high-dimensional 
continuous data more gracefully.

Despite the potential relevance of applying these method-
ologies to arc-welding in situ process monitoring, such as in 
WAAM, these techniques remain largely unexplored in this 
specific field, as will be further discussed in the state-of-
the-art section. Nevertheless, it is worth highlighting, even 
prior to concrete evidence, that their application in industrial 
contexts holds considerable promise. In particular, industrial 
datasets often involve highly imbalanced class distributions, 
where soft classification approaches (as offered by methods 
such as GMMs or DBSCAN) could be more effective than 

(5)p(x|�) =

M
∑

i=0

wi ⋅ g(x|(�i,Σi)

hard classification techniques. These unsupervised methods 
are capable of identifying outliers and unlabelled anoma-
lies, mitigating the risk of completely random guesses on 
unseen data. This is especially important for defect instances 
that differ from those observed during training—situations 
where traditional supervised learning models are prone to 
misclassification. Therefore, integrating such techniques can 
enhance robustness and adaptability in complex, real-world 
scenarios.

2.1.4 � Anomaly detection models

The aforementioned soft-classification approaches can be 
particularly useful for identifying clusters and centroids 
when dealing with unlabelled or small, imbalanced datasets. 
However, in many industrial scenarios, the only data avail-
able are those corresponding to good depositions. This is 
especially true in practice, as most data are collected during 
welding procedure qualification, resulting in a large number 
of samples representing nominal or defect-free conditions. In 
well-established and experienced industries, defects are rare 
events, making it even more difficult to collect faulty exam-
ples in sufficient quantity. Monitoring in industrial contexts 
is especially relevant within the scope of welding procedure 
qualification, where the objective is to certify that a specific 
machine and set of parameters consistently produce high-
quality parts that meet mechanical requirements. In this set-
ting, it is reasonable to develop a product-specific monitor-
ing module aimed at detecting deviations from the expected, 
nominal pattern. In alignment with recent advances in ICT 
technologies, such as the internet of things (IoT) and robotic 
systems, the integration of anomaly detection modules with 
robot pose information can help identify regions more 
likely to exhibit anomalies. This approach offers signifi-
cant advantages over traditional random or statistical non-
destructive evaluation (NDE) methods, potentially enabling 
cost and time savings during qualification procedures. Most 
importantly, it provides a valuable framework for industrial 
monitoring in contexts where only limited labelled data are 
available.

To serve this scope, specialised ML models can be used, 
such as isolation forest and local outlier factor (LOF).

The isolation forest model is a tree-based method for 
anomaly detection that operates by recursively partitioning 
the data, similar in principle to random forests. However, 
instead of building predictive models, it identifies anomalies 
based on the number of splits required to isolate a point: the 
fewer the splits, the more likely the point is an outlier. A 
different approach, based on local data density, is the LOF, 
which identifies anomalies by comparing the local density 
of a point to that of its neighbours. If a point lies in a region 
of significantly lower density than its surroundings, it is con-
sidered an outlier [46, 47].
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2.2 � Deep learning models

As previously mentioned, DL represents a family of models 
built around the concept of the artificial neuron. A neuron per-
forms a linear combination of its inputs (denoted by weights, 
typically represented as θ), which is then processed through a 
non-linear activation functiong(⋅) . A neural network consists 
of an ensemble of neurons arranged in layers, where the out-
put of one layer becomes the input to the next. This layered 
structure allows the network to model highly non-linear rela-
tionships and approximate any continuous function given suf-
ficient depth and complexity. The parameters of the network 
are initially set at random and are iteratively updated through 
the backpropagation algorithm, a gradient-based optimisa-
tion method computed with respect to a chosen loss function. 
The initialisation procedure plays a crucial role during train-
ing, as the performance of the model can vary significantly 
depending on the starting point of the optimisation. Due to 
the non-convex nature of the loss landscape, gradient-based 
methods may converge to different local minima, and a poor 
initialisation can hinder the model’s ability to reach an optimal 
solution [48]. Importantly, the architecture of a neural network 
remains largely the same whether it is applied to classification 
or regression tasks. The key differences lie in the mathemati-
cal formulation of the loss function and the activation function 
used in the output layer, which are adapted according to the 
specific objective of the task.

For regression tasks, the mean squared error (MSE) loss 
function is typically used, enabling the network to mini-
mise the discrepancy between predicted continuous values 
and the true target values. The output layer in such cases 
commonly employs a linear or ReLU activation function, 
allowing the model to produce a broad range of continuous 
outputs. In contrast, classification tasks usually adopt the 
cross-entropy loss function, which quantifies the divergence 
between predicted class probabilities and actual labels. The 
output layer of a classification network generally utilises a 
sigmoid activation function for binary classification, or a 
softmax activation function in the case of multi-class prob-
lems, thereby converting the raw outputs into interpretable 
probability distributions over the classes.

Beyond these standard learning frameworks, the perfor-
mance and generalisation capabilities of neural networks 
can be further enhanced through the inclusion of additional 
regularisation terms in the loss function. These regularisa-
tion terms serve to constrain the learning process, guiding 
the model towards more physically plausible or application-
specific solutions, in which the human knowledge of the 
problem can help to improve the performance. One nota-
ble approach is frequency-informed learning or frequency-
informed neural networks (FINN), in which the regularisa-
tion depends on the frequency-domain characteristics of the 
output. This is particularly beneficial in contexts such as 

signal processing or time-series modelling, where the spec-
tral content of the prediction carries critical information. 
By penalising discrepancies in the frequency domain—often 
through measures such as the difference in power spectral 
density or Fourier-transformed outputs—the network is 
encouraged to learn patterns that are not only accurate in 
time but also in frequency [49].

Another emerging paradigm is physics-informed learn-
ing or physics-informed neural networks (PINN), where the 
regularisation term encodes known physical laws or rela-
tionships that govern the system under study (typically the 
residuals of the PDE). In this framework, the neural net-
work is trained not only to fit the data but also to respect the 
underlying physics—such as conservation laws, differential 
equations, or boundary conditions [50].

In addition to standard neural networks, the same archi-
tecture can be adapted for both regression and classification 
tasks by leveraging convolutional neural networks (CNNs) 
for image data (employed for both defect detection and soft 
sensing in welding [51–53]) and long short-term memory 
(LSTM) networks for time series signals [54] or a mix 
between both [55]. In this case, the basic neuron—respon-
sible for performing a linear combination through a matrix 
product—is replaced by a convolutional operation in the con-
text of CNNs. This mathematical operation, which closely 
aligns with filtering in signal processing (for 1D convolu-
tions) and classical computer vision techniques (for 2D con-
volutions), involves a kernel (of size n or n × n) that is applied 
across the input data (image or time series) using a sliding 
window. Regarding LSTM networks, the key concept is to 
augment the standard neuron with feedback connections—
specifically by incorporating the outputs from previous time 
steps as additional inputs. This architecture allows the net-
work to learn temporal dependencies in sequential data. For 
further technical insights and mathematical formulations, the 
authors recommend consulting the cited references.

2.3 � GenAI models

The aforementioned features can be extracted from time series 
data and processed using a feedforward neural network, or 
the raw time series can be used directly with a 1D-CNN or a 
recurrent-style network. Similarly, image-based data can be 
processed using CNNs. These approaches represent some of 
the most advanced techniques currently applied in the moni-
toring of welding technologies, as will be discussed in the 
following section. However, recent developments in network 
architecture design—such as novel neuron compositions and 
modified learning frameworks—have enabled new possibili-
ties, characteristic of generative artificial intelligence (GenAI).

The simplest architecture that can be classified as weak 
GenAI is the Autoencoder, illustrated in Fig. 8. This architec-
ture consists of a nonlinear transformation of the input into a 
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latent space (using an encoder) and a subsequent reconstruc-
tion from this space (using a decoder). It qualifies as GenAI 
because, once a latent vector is generated, it can be decoded to 
produce data similar to those in the original training dataset. 
Although this fundamental concept supports GenAI, autoen-
coders are predominantly applied for dimensionality reduction, 
functioning similarly to nonlinear principal component analysis 
and anomaly detection tasks. For anomaly detection, the recon-
struction error that is used to optimise the weights of both the 
encoder and decoder serves as a metric, since if an input vector 
significantly differs from the training data, the resulting high 
reconstruction error can effectively indicate an anomaly.

However powerful, conventional autoencoders suffer from 
a fundamental limitation: the latent space is unconstrained, 
which frequently leads to overfitting and poor generalisation 
when presented with novel inputs. In practice, this unregu-
larised bottleneck makes it difficult for the model to gener-
ate truly new, realistic samples, since the latent vectors are 
merely arbitrary numerical codes, lacking any guarantee of 
continuity or meaningful structure. Variational autoencoders 
(VAEs) remedy this by imposing a probabilistic framework 
on the latent representation. In a VAE, the encoder outputs 
parameters of a Gaussian distribution (mean and variance) 
rather than a single point, and the loss function incorporates 
a Kullback-Leibler (KL) divergence term. This KL regulari-
sation forces the learned latent distribution to approximate 
a standard normal, structuring the latent space so that con-
tiguous regions correspond to semantically similar outputs. 
Consequently, sampling from the VAE’s latent space becomes 
straightforward, allowing for true generative capability. Gen-
erative adversarial networks (GANs) constitute the most sig-
nificant recent advance in generative modelling (see Fig. 9). 
A GAN comprises two neural networks trained in opposition: 
a generator, which synthesises candidate data samples, and 
a discriminator, which endeavours to distinguish real data 

from generated “fakes.” During training, the generator seeks 
to minimise the discriminator’s ability to tell genuine from 
synthetic, while the discriminator simultaneously maximises 
its classification accuracy—this adversarial dynamic drives 
both networks to improve. Unlike VAEs, which tend to pro-
duce somewhat blurred outputs due to their reconstruction 
objective, GANs can generate highly realistic, sharp samples 
by directly optimising for indistinguishability.

2.4 � Bio‑inspired optimisation algorithms

In advanced manufacturing environments, the efficient selec-
tion of process parameters—such as wire feed speed, welding 
speed, and CTWD—can be cast as a high-dimensional opti-
misation problem. Bio-inspired algorithms, notably genetic 
algorithms (GAs) [56] and particle swarm optimisation (PSO) 
[57], have proven highly effective in this context by emulating 
natural principles of evolution and collective behaviour.

A GA represents each candidate solution as a chromo-
some, defined as an ordered vector of real-valued genes 
corresponding to individual process parameters. After ini-
tialising a diverse population of chromosomes within per-
missible parameter bounds, each candidate is evaluated by a 
pre-trained ML surrogate (or digital twin, for example using 
the models developed by regression). The model takes in 
input the parameter vector and predicts performance met-
rics—such as bead geometry or energy consumption as will 
be discussed later in this work—which are then aggregated 
into a single fitness score. Subsequent selection preferen-
tially preserves higher-scoring chromosomes for reproduc-
tion. Crossover operators recombine parental sub-vectors, 
while mutation perturbs individual genes, maintaining diver-
sity and preventing premature convergence. Iterating through 
fitness evaluation, selection, crossover, and mutation drives 
the population steadily toward near-optimal parameter sets.

Fig. 8   Example of an autoen-
coder structure highlighting 
typical applications and the 
loss function, which may 
utilise either standard MSE 
or frequency-domain/physics-
informed criteria
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PSO offers an alternative paradigm based on the flocking 
behaviour of birds. Here, each particle embodies a candidate 
parameter set and carries a velocity vector that dictates its 
trajectory through the search space. At every iteration, the m 
model edicts each particle’s fitness, and the particle updates 
its velocity according to three influences: its own personal 
best position to date, the swarm’s global best, and an inertia 
term that balances exploration against exploitation. Ran-
dom factors introduced at each step prevent stagnation. The 
updated velocity is applied to adjust the particle’s position—
i.e., the process parameters—and the cycle repeats until the 
swarm converges on an optimal or near-optimal solution. 
The integration of ML models with bio-inspired optimisers 
(e.g., GA or PSO) is illustrated in Fig. 10.

In welding, this combined approach holds significant 
promise for uncovering novel process-parameter combina-
tions that have yet to be explored but may yield superior 
performance. By pairing GA or PSO with rapid ML-based 
evaluations, engineers can navigate complex, non-convex 
process landscapes and pinpoint parameter sets that deliver 
robust, high-quality results—without the need for costly, 
gradient-based optimisation routines. Instead, the overall 
objective is encapsulated in a well-defined fitness function, 
enabling the optimiser to seek global optimality even in the 
absence of differentiable models.

3 � State of the art for ML‑based in situ 
monitoring

In‐situ monitoring of welding processes typically uses 
optical, electrical, and acoustic-based monitoring to yield 
a comprehensive real-time picture of arc behaviour and 

weld quality. Infrared and thermal cameras collect both 
the dynamic droplet transfer and localised temperature 
fields of the melt pool, enabling precise feedback about 
the actual heat input and detection of anomalous cooling 
rates. Moreover, hall-effect sensors record instantaneous 
welding current and welding voltage, tracking arc length 
fluctuations, enabling, in their frequency spectral content, 
the detection of instabilities such as unstable short-circuit 
events. Finally, piezoelectric acoustic sensors mounted on 
the workpiece or microphones detect sound emissions from 
droplet transfer and phase transformations, enabling the 
detection of early pore formation or crack initiation below 
the surface.

Fig. 9   Example of a GAN, 
which consists of 2 networks 
trained in an adversarial manner

Fig. 10   Schematic of ML-based bio-inspired optimisation. Candidate 
process-parameter vectors (GA chromosomes or PSO particles) feed 
into the ML model, whose outputs are evaluated by a fitness function 
and looped back to guide the optimiser toward improved parameter 
combinations
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3.1 � Welding signals

3.1.1 � Feature extraction

Regarding monitoring with welding current and voltage sen-
sors, it is essential to capture the temporal dynamics of the 
process by segmenting the raw signals into short windows, 
typically ranging from 0.2 to 1.0 s in duration (T). Once the 
signals are acquired from the process, e.g., by depositing 
wall structures or more complex components, these time-
domain signals can be transformed into more meaningful 
information, which represents in a low-dimensional space 
the main characteristics of both signals. An easy way to pro-
cess these signals is to extract statistics from them, such as 
mean values and standard deviation, which together describe 
skewness and kurtosis, the mean heat input and its variabil-
ity during the considered window (which is associated with 
a precise portion in the space equal to WS ⋅ T) . Furthermore, 
supplementary waveform features—for instance, the win-
dow’s maxima and minima—offer insight into the transient 
peaks and possible arc instabilities. These feature vectors 
are then utilised as inputs to ML classifiers for real-time 
process evaluation, once each windowed segment has been 
meticulously labelled based on destructive testing, depo-
sition surface morphology and a welding knowledge base 
derived from signal-shape analysis.

Beyond time-domain analysis, time-frequency techniques 
[21] can reveal localised spectral characteristics and global 
energy content. For example, a multi-level discrete wavelet 
transform (DWT) decomposition isolates specific band-
widths, enabling the computation of band-limited energy, 
entropy, or higher-order statistics within each bandwidth. 
Alternatively, a fast Fourier transform (FFT) over each win-
dow yields global spectral features—such as total signal 
energy, dominant frequency (the frequency with maximum 
amplitude), and spectral centroid—which reflect the perio-
dicity and stability of the welding arc. It is worth noting—
particularly for welding signals—that, given the inherently 
data-driven nature of ML-based process monitoring, the 
feature-extraction stage is the principal performance driver. 
Despite this, there is no universally optimal processing 
pipeline; rather, performance hinges on selecting descrip-
tors matched to the material behaviour and process regime. 
For example, frequency-domain features contribute little 
in spray-transfer welding yet are critical under waveform-
controlled conditions. Moreover, in current-controlled wave-
form welding, welding voltage is often more informative 
than welding current [58]. Despite this, combining features 
from current and voltage channels typically results in a high-
dimensional input space, with ten to ninety features per sam-
ple depending on decomposition levels, and the selection of 
statistical, shape, and spectral descriptors. Dimensionality-
reduction techniques (e.g., principal component analysis) or 

feature-selection algorithms (e.g., recursive feature elimi-
nation) may also be applied to retain the most informative 
features, reduce computational burden, and improve the 
robustness of downstream machine-learning models. More-
over, as previously noted, knowledge-based feature selec-
tion—informed by process physics and the welding process 
selected—is crucial to improving the performance and reli-
ability of ML algorithms. Although it is possible, DL mod-
els can be used to automatically select the most important 
features, reducing the manual feature engineering activity 
as well as reducing the computational time. A schematic 
workflow is illustrated in Fig. 11.

3.1.2 � ML models employed for process monitoring

Once features are extracted from each signal segment, they 
can be fed into various ML models in either supervised or 
unsupervised modes. Prior research has shown that analys-
ing welding signals in this way can effectively detect defects 
such as excessive spatter, humping, arc shift—which may 
cause layer collapse through geometric deviation in the 
arc—and porosity. Since most defects are linked to the incor-
rect heat input, additional faults like microstructural anisot-
ropy or cracking—caused by improper heat input—can also 
be identified by welding signals processing. These defects 
often elude detection when only mean signal values are con-
sidered, so time-frequency domain analysis is now widely 
employed to uncover disruptive behaviours in the frequency 
spectrum, such as energy inconsistencies and shifts in the 
dominant frequencies.

In state-of-the-art approaches to welding‐signal analysis, 
a variety of models have been applied. For example, Li et al. 
[59] employed a support-vector machine (SVM) classifier 
on time-domain features from a cold metal transfer (CMT) 
WAAM process, whereas Mattera et al. [60] evaluated sev-
eral algorithms—including random forests, neural networks, 
logistic regression, and decision trees—using both time and 
time-frequency domain features from a standard short-cir-
cuit Gas Metal Arc-AM process. Although all these methods 
reported anomaly-detection accuracies of around 90 per cent 
or higher, class imbalance remains a challenge. When fram-
ing anomaly detection as a binary problem—i.e., identifying 
any defect type—authors have shown that semi-supervised 
techniques such as isolation forest or local outlier factor can 
be effective. Alternatively, GMMs operating in an unsuper-
vised mode can surpass certain supervised techniques by 
flagging outlying behaviour directly within the feature space. 
In a related study, the authors in [44] employed GMMs as 
a soft-classification tool: after extracting only time-domain 
features from a Pulsed-GMAW process, they demonstrated 
that each Gaussian cluster corresponds to a distinct sys-
tem state. Crucially, their findings highlight that in tightly 
controlled deposition processes—such as synergic welding 
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methods (whether pulsed GMAW or alternatives like CMT 
or surface tension transfer)—frequency-domain features 
afford superior separation of operational states compared 
with time-domain statistics alone.

State-of-the-art approaches have begun to exploit DL 
in semi-supervised or unsupervised anomaly-detection 
systems for Pulsed GMAW [61] and STT processes [62]. 
For example, time-series welding signals can be converted 
into spectrograms, which are then analysed by CNNs to 
identify anomalies. Although this technique is more com-
monly applied to audio signals—where the high sampling 
frequency yields large data volumes—its application to 
welding signals has delivered promising results, with detec-
tion accuracies exceeding 90%, significantly outperforming 
purely time-domain methods. Convolutional autoencoders 
have also been employed to learn a compact latent repre-
sentation of the signal and flag deviations via reconstruction 
error, often in tandem with algorithms like isolation forest. 
The most advanced solution reported to date is the Fre-
quency-Informed Convolutional Autoencoder (FICA) [49], 
which integrates explicit time-frequency feature extraction 
into the autoencoder architecture with a frequency regulari-
sation. FICA not only reconstructs inputs with high fidel-
ity but also generates robust latent features for anomaly 
detection. Nevertheless, the broad generalisability of these 
GenAI models remains a challenge, and recent work sug-
gests that hybrid architectures—or supplementary modules 
tuned to monitor reconstruction errors and latent-space dis-
tributions—are required to further enhance performance.

As is noticeable, the most trendy idea is to use feature 
extraction—whether manual or automatic—followed by 

ML models, with unsupervised approaches often more 
interesting for industrial cases. However, regression analy-
sis can also be applied to detect anomalies, leaving room 
to investigate its suitability for soft classification problems 
as well. An example is the works [54, 63], in which the 
authors proposed LSTM models to forecast future pro-
cess values using only normal deposition data. Based on 
the error between the digital-twin forecast and the actual 
value, an anomaly score can be derived, achieving close 
to 90% performance with a threshold-based method on 
the estimation error. Alternatively, feeding the estima-
tion errors of both welding current and welding voltage 
into another ML model can also detect anomalies, using 
the former for single-sensor scenarios and the latter for 
multi-sensor monitoring applications. In any case, these 
approaches demonstrated superior performance com-
pared with classical control charts based on SPM meth-
ods. A visual illustration that summarises all the proposed 
approaches in the literature is shown in Fig. 12.

3.1.3 � Additional discussions

A comprehensive comparison of supervised, unsuper-
vised, and advanced deep-learning architectures for single-
process monitoring using these sensors has been carried 
out in the previous sub-sections. It is therefore clear that 
novel deep-learning models or multimodal monitoring 
strategies offer promising directions for future research. 
Indeed, while SPM methods often achieve performance 
levels below 70% [61, 63], ML approaches demonstrate 
substantially higher accuracy, frequently exceeding 90% 

Fig. 11   Schematic view of the workflow for the development of an in-situ monitoring software
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when supervised learning is employed. However, their 
main drawback lies in the requirement for large, bal-
anced, and well-labelled datasets. By contrast, advanced 
techniques such as frequency-based feature extraction or 
unsupervised learning strategies—similar to SPM in that 
they rely solely on normal data for training—can achieve 
competitive, though typically slightly lower, performance 
in recognising out-of-control samples. Further improve-
ments may be attained through multimodal sensor fusion. 
For example, efforts to exceed the current 90% accuracy 
benchmark could improve the practicality and applicabil-
ity of these methods in standard qualification procedures. 
Furthermore, a significant application of these sensor sig-
nals in process monitoring lies in their capacity to esti-
mate layer geometry without recourse to more complex 
instruments such as laser scanners or cameras. Although 
Mu et al. [64] have reported encouraging results, further 
refinement is required to deliver reliable feedback esti-
mates of layer geometry to control systems. Realising this 
capability would enable the creation of a fully integrated 
monitoring solution based exclusively on these cost-effec-
tive sensors. Accordingly, multi-modal in situ monitor-
ing using such sensors represents a valuable new research 
direction in process monitoring.

3.2 � Audible signals

Similar principles applied to welding signals can also 
be extended to other types of time-series data, such as 

acoustic signals captured by microphones. Historically, 
welders have relied on their senses—particularly vision 
and hearing—to adjust process parameters in real time; 
modern monitoring systems emulate these human obser-
vations by using both optical and audio signals for online 
process control. Notably, Chabot et al. [65] and Kershaw 
et al. [51] conducted foundational work demonstrating that 
microphone or image-acquired signals carry rich infor-
mation about the welding arc and molten pool dynamics. 
Specifically, in relation to audible signals, their studies 
showed that frequency-domain analysis of these acous-
tic time series enables accurate estimation of process 
variables like CTWD, while other works show reliable 
detection of defects, including porosity, spatter, arc shifts, 
and contamination, by using those signals and frequency-
domain analysis [66–68]. Subsequent research has further 
validated the use of acoustic signatures for real-time defect 
detection and process monitoring, opening new avenues 
for non-intrusive welding quality control.

3.2.1 � Features extraction

While voltage and current sensors offer well-established 
pathways for signal interpretation, the analysis becomes 
more complex when dealing with high-frequency sig-
nals such as those originating from conventional micro-
phones. These sensors typically operate at significantly 
higher sampling rates and can be analysed both in the 
time and frequency domains. However, signals captured 
via microphones are often highly contaminated by noise. 

Fig. 12   Visual summary of state-of-the-art methods in welding voltage and welding current signal process for in-situ monitoring applications 
based on ML
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As a result, time-domain analysis (e.g., computing signal 
energy or statistics) may yield misleading outcomes due 
to the strong influence of ambient noise. Therefore, for 
such signals, frequency-domain analysis is generally pre-
ferred. Standard approaches include extracting the power 
spectral density (PSD) or computing energy and statisti-
cal descriptors within defined frequency bands that are 
believed to correspond to specific aspects of the welding 
process [69].

3.2.2 � ML models employed for process monitoring

Building on this idea, Souvori et al. [70] extracted features 
automatically by applying Principal Component Analysis 
(PCA) directly to time-domain signals, as well as frequency-
domain features using Mel-frequency cepstral coefficients 
(MFCCs). They then evaluated several supervised classifi-
ers—such as Support Vector Machines, random forests, and 
neural networks—to detect surface and geometric defects 
in layered deposits. However, for real-time monitoring, the 
very high sampling rates (often around 100 kHz) result in 
prohibitively large, high-dimensional datasets. To address 
this, many researchers convert the raw time series into spec-
trogram images, reducing dimensionality while preserving 
temporal-spectral information. CNNs trained on these spec-
trograms have proven effective at identifying porosity and 
other deposition defects within selected time windows, offer-
ing a practical solution for continuous, automated welding 
process inspection [71].

3.2.3 � Main limitations

Although numerous studies have demonstrated the offline 
processing of high-dimensional acoustic data [68, 69, 
72]—particularly due to the low cost and non-invasive 
potential offered by this sensing modality—the number of 
approaches capable of real-time, in situ monitoring remains 
limited. In particular, applications leveraging advanced 
frameworks—such as FINN implementations, unsuper-
vised learning techniques, or generative AI models—have 
yet to be explored extensively. This gap likely stems from 
the intrinsic complexity of high-frequency time series and 
the challenges in developing computationally efficient 
algorithms capable of low-latency inference. Addressing 
these obstacles will be critical for the deployment of next-
generation, intelligent welding monitoring systems based 
on microphone data. Moreover, it would be beneficial to 
explore the potential for detecting defects beyond those 
identifiable using conventional welding signals, first evalu-
ating single-sensor solutions and then progressing to the 
previously mentioned multimodal, multi-sensor fusion 
approaches.

3.3 � Vision sensing

3.3.1 � Data processing procedure

Imaging has long been widely employed in various AM pro-
cesses [73, 74]; vision-based monitoring is broadly accepted 
because visualising the underlying physical phenomena is 
fundamental to process control. This is especially true for 
arc-welding-based AM: in welding, cameras are used both 
for feedback control—by extracting geometric information 
about the arc shape to adjust process parameters [75–77]. 
Key defects such as spatter, layer collapse, and incorrect 
energy input or metal transfer can be detected by camera 
systems; these remain the most common deposition faults, 
even when parameters are correctly chosen, due to the com-
plex transfer mechanisms discussed above. This issue is 
particularly pronounced in WAAM, where geometric fluc-
tuations are greater than in powder-based processes (the lat-
ter being inherently more stable in the absence of an arc). 
Moreover, typical defects that occur during the production 
of overhead or overhanging structures can be detected by 
vision systems [78–80]. Nevertheless, subtle defects—such 
as micro-porosity, grain-boundary cracks, and improper 
microstructure—are more challenging to detect with vision 
alone because they are closely tied to the local energy input. 
These conditions are often more readily inferred from pro-
cess measurements (e.g., welding voltage/current signals) 
than from welding pool images and can be detected using a 
more expensive thermal camera.

Moreover, the use of vision systems for welding process 
monitoring presents unique challenges from a software 
perspective due to the complexity and variability of the 
acquired images. These images are often affected by noise 
originating from arc intensity and are highly dependent on 
the camera positioning, which can hinder the extraction of 
meaningful, physically interpretable features. From these 
processed images, simple physics-informed features—such 
as arc intensity (approximated through the sum of the white 
pixels), energy, and standard deviation—can be extracted. 
These metrics are related to the arc behaviour and can serve 
as input variables for monitoring models.

Nevertheless, such features fail to capture the full com-
plexity embedded within image data, hindering the possi-
bility of detecting other defects like humping and layer col-
lapse. For this reason, computer vision techniques, and more 
recently ML-based methods, are increasingly employed to 
process welding images.

3.3.2 � Welding pool images

Most early work has treated real-time WAAM monitoring 
as an image‐classification problem. Researchers first extract 
regions of interest (ROIs) around the melt pool or deposition 
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zone—e.g., immediately behind the torch to capture layer 
collapse, metal transfer instabilities, and arc shape changes 
caused by spatter or incorrect heat input—and then feed each 
ROI into a CNN. By fine-tuning pre-trained architectures on 
these ROIs, studies have achieved high accuracy in detecting 
common defects [81]. For example, Xia et al. [82] applied a 
customised CNN classifier to distinguish stable from unsta-
ble transfer modes; however, they reported that thousands 
of manually labelled frames were required to reach satisfac-
tory performance, making large-scale industrial deployment 
prohibitive.

To alleviate the annotation bottleneck, more recent 
efforts have borrowed from the welding-signal commu-
nity and explored semi-supervised or unsupervised learn-
ing. In particular, CAEs have been trained on “normal” 
deposition sequences so that reconstruction error can flag 
anomalous frames (e.g., layer collapse, excessive spatter) 
without explicit labels [83]. Others incorporate temporal 
cues—treating the video stream as a sequence and learn-
ing spatiotemporal embeddings—to better capture transient 
instabilities in the melt pool [84].

While autoencoder‐based anomaly detection avoids the 
need for extensive labelling, it often struggles to detect sub-
tle defects: small spatter events or slight deviations in pool 
geometry may produce only marginal reconstruction errors, 
leading to false negatives due to generalisation. Overcoming 
these limitations will likely require richer feature representa-
tions—combining unsupervised deep embeddings with addi-
tional statistical descriptors of pool shape or dynamics—and 
hybrid models that fuse CNN-based feature extraction with 
lightweight classifiers (e.g., one-class SVM, isolation for-
ests) or graph-based temporal models. Such hybrid pipelines 
could retain the low-label benefits of unsupervised learn-
ing while boosting sensitivity to subtle anomalies, paving 
the way toward robust, real‐time vision control in industrial 
WAAM systems.

3.3.3 � Thermal images

In addition to standard visual cameras—often equipped with 
narrow-band filters centred on 660 nm to suppress arc-light 
noise and reveal the melt pool—thermal cameras have been 
adopted for in-process monitoring, since temperature and 
cooling rate are critical determinants of mechanical proper-
ties. However, the need to adjust emissivity values, which 
vary during metal phase transformations, renders thermal 
measurements unstable, complex, and not yet fully robust 
[85]. This is a central topic in thermal imaging monitoring, 
with new methods based on DL for emissivity correction 
[86], and the development of thermal/imaging feedback 
control of process parameters for layer geometry consist-
ency [87]. Although thermal imaging has long been used 
to estimate weld penetration depth [88] and layer geometry 

[89–91] through image processing—and holds great promise 
for developing high-quality monitoring predictors based on 
thermal history (e.g., cooling time and microstructure evolu-
tion)—to the authors’ knowledge, no such studies have yet 
been reported for WAAM. However, research teams focused 
on WAAM can draw valuable inspiration from advances 
in other AM processes, such as those in laser powder bed 
fusion. For instance, Ho et al. [92] demonstrated the possibil-
ity of detecting porosity of different sizes by processing the 
thermal images collected during the deposition process with 
advanced CNN models. Despite its promise, thermal-imag-
ing-based in-situ monitoring remains a complex challenge in 
other AM processes for the reasons outlined above. Neverthe-
less, it represents a concrete avenue for future research across 
AM—particularly given the very limited application of ML 
to real-time thermal data. At the same time, the high cost of 
infrared equipment means that any cost-benefit trade-off must 
be carefully evaluated. Since no studies to date have explored 
this approach in WAAM, a thorough economic assessment 
and comparison with alternative sensing modalities will be 
an important task for future work.

3.3.4 � Main limitations

Despite their proven effectiveness in process monitoring, 
vision-based sensing systems, such as welding and thermal 
cameras, present several important limitations. A first draw-
back relates to camera positioning, which often restricts the 
robot’s working volume and can compromise the field of view 
and therefore the performance of the monitoring. Indeed, 
as shown in Fig. 13, the mounting position of the camera 
strongly influences the types of defects that can be detected.

Moreover, temporal resolution represents another critical 
issue, since standard sampling rates, typically around 30 Hz, 
are often insufficient to capture rapid dynamic events such as 
incorrect droplet transfer, thereby reducing the reliability of 
defect detection. On the other hand, excessively high sam-
pling rates can hinder the application of deep learning mod-
els, as the inference time, determined by image and model 
size, may exceed the interval between two consecutive image 
acquisitions.

Thermal cameras, while offering the potential to esti-
mate defects [94], thermal history, cooling rates, and even 
microstructural evolution, suffer from strong sensitivity to 
the emissivity parameter [85], which varies with temperature 
and requires additional calibration efforts to ensure accurate 
measurements [86]. Cost further represents a major con-
straint, as welding cameras can reach several tens of thou-
sands of dollars (around 30 k), while thermal cameras often 
exceed 60 k, making them significantly more expensive 
than alternative sensing modalities such as welding sig-
nals (around thousands of dollars) or acoustic emissions. 
Finally, a major gap in the literature is the lack of systematic 
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comparisons between camera-based monitoring and other 
sensing approaches using the same datasets, which leaves 
unclear whether the superior cost of vision systems is justi-
fied by a proportional improvement in monitoring perfor-
mance. These limitations highlight the need for multimodal 
sensor fusion, where vision data are integrated with lower-
cost sensing modalities to achieve more reliable and cost-
effective process monitoring.

3.4 � Acoustic emission

In addition to before mentioned sensors, recent advance-
ments in acoustic detectors have provided a foundation for 
better adaptation of this technology into various production 
processes, particularly materials processing by laser and 
arc. In particular, since acoustic sensors have been used as 
a cost-effective alternative to optical monitoring systems, 
nowadays new opportunities can be considered by the 
advancement of Acoustic emission (AE) monitoring, since 
it can be employed using either contacting or non-contacting 
sensors. In fact, they represent an alternative to conventional 
microphones available on the market that can measure up to 
100 kHz, including the advanced ultrasound sensors. The 
narrow band limitation of these microphones limits their 
application in noisy industrial environments, as the majority 
of the background signal could be dominant in the measured 
signal thus hiding the process signal and making it difficult 
to analyse the signal with high reliability and less error.

Conventional contacting sensors (see Fig. 14) measure 
structure-borne emission from the process. They work 
based on mechanical parts such as membranes or deform-
able piezoelectric, and they are limited due to their design 
limitations. Furthermore, the fact that they need physical 
contact with the workpiece limits their applications in fully 
automated industrial environments. On the other hand, the 
state-of-the-art optical microphones, free from any mechani-
cal parts, are based on Fabry-Pérot etalons which can meas-
ure air-borne emission up to 2 MHz frequency bandwidth. 
Moreover, there is no requirement for any contact with the 
workpiece. This advancement has boosted the adaptation 
of the microphones into industrial processes. Despite these 
advancements, there are no specific works which employ 
these sensors in WAAM for in-situ monitoring.

Nevertheless, one important aspect of any production pro-
cess is to stabilise its process parameters in order to achieve 
the final required quality. This means monitoring the process 
parameters is of importance in today’s in-situ monitoring 
systems as it provides the ability to address any deviation 
from the optimised parameters during the process. This can 
be done with air-borne optical microphones due to their 
higher frequency bandwidth and higher sensitivity than con-
ventional microphones. Considering other works in the field 
of welding, and mentioned in the previous sections, accord-
ing to a study by [95], deviation from optimised parameters 
in laser welding can be easily picked up by microphones, 
as shown in Fig. 15. A stable and optimised process will 
present a stable and calm AE signal, as depicted in Fig. 15a, 
whereas any defects related to the process parameters could 
impact the signal and reveal higher frequency disruption in 
the AE signal (Fig. 15a, b, and c).

However, the ability to measure higher frequency band-
width is particularly important since it has been reported that 
cracks usually result in higher frequency emissions (up to 
200 kHz) in welding, additive manufacturing, and generally in 
laser and arc materials processing. This adds to the importance 
of optical microphones as they can measure higher frequen-
cies, thus revealing more detailed info about the process. For 
example, in a study by [96, 97], the ability to detect cracks in 

Fig. 13   Welding images 
captured from different camera 
mounting positions: a front 
view [93], b lateral view, and c 
upper view

Fig. 14   Example of contact-based AE sensor in arc welding process
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the laser metal deposition (LMD) process was demonstrated. 
The study concluded that the cracks are expected to produce 
high frequency signals (higher than 350 kHz). In other stud-
ies, the transition from stable conduction mode laser weld-
ing to unstable keyhole mode was captured using an optical 
microphone. Stabilising the welding process through process 
parameters optimisation has been an important aspect of weld-
ing and additive manufacturing, and optical microphones have 
the potential to provide a robust tool to achieve this goal. The 
application of optical microphones could be expanded in other 
processes such as WAAM, in which crucial process parameters 
and their stability during the process could be monitored. For 
example, Ramalho et al. [72] studied the effect of oil contami-
nation on the acoustic signature during the WAAM process 
and compared the data with a conventional microphone. The 
study concluded that the optical microphone provided much 
higher resolution data in which some process characteristics 
of the WAAM process reached 500 kHz and were clearly cap-
tured and distinguished from the background noise. However, 
as mentioned, studies are very limited in this area, and more 
research needs to be done in order to further improve the adap-
tation of optical microphones in the production process as a 
real-time monitoring tool. Moreover, developing ML algo-
rithms to analyse acoustic emissions and, more importantly, 
to correlate the data with defects within the process is of great 
interest and requires more investigation to fully adopt AE in 
the production process.

3.5 � Multi‑modal monitoring via sensor fusion

Given the complementary nature of the features extracted 
from different sensing modalities—such as voltage, current, 

acoustic emission, microphone signals, and vision systems—
a promising strategy for comprehensive process monitoring 
involves their combined use through sensor fusion, since 
each sensor provides a unique perspective on the process. 
By integrating these heterogeneous sources of information, 
it becomes possible to exploit the strengths of each sensor 
while mitigating individual limitations. Feature-level fusion, 
in particular, allows the construction of enriched input vec-
tors, Sensor Fusion Pattern Vector (SFPV), in Eq. 6, that 
incorporate both physically interpretable descriptors (e.g., 
mean voltage, arc energy, power spectral densities) and high-
dimensional latent features derived from AI-based process-
ing of acoustic and visual data.

This multi-modal representation enhances the system’s 
ability to detect anomalies, track quality indicators, and even 
estimate physical quantities that may not be directly measur-
able by a single sensor. In this context, ML algorithms can 
be trained to identify patterns across fused data, improving 
both robustness and generalisability of monitoring systems 
in real-world welding scenarios. A recap of the different 
features that may be extracted from the different sensors is 
reported in Table 1.

Beyond simple feature concatenation and filter-based 
selection, stacked deep-learning ensembles—in which com-
plementary networks are combined through early/late fusion 
or meta-learners—can deliver significant gains by capturing 
cross-modal dependencies and higher-order structure in the 
data. However, such architectures remain underdeveloped; 
to the authors’ best knowledge, no well-validated, industry-
ready deployments in WAAM have yet been reported. That 

(6)SFPV = [Fcurrent,Fvoltage,Facoustic,Fcamera]

Fig. 15   AE signal analysis for 
defect detection. Stable and 
good quality weld (a) welding 
disruption by defects related 
intensity variation (b) welding 
disruption by defects related to 
frequency variation (c and d)
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said, early evidence is emerging in arc-welding applications 
[98, 99], and a responsible pathway exists to extend these 
approaches to WAAM.

3.6 � Summary of the emerging trends, challenges 
and future perspectives

As discussed, intelligent in situ online monitoring in WAAM 
has gained significant attention, with an increased number 
of publications between 2021 and 2025. As discussed, an 
emerging trend is the shift towards unsupervised and semi-
supervised ML methods, which partially solve the challenges 
of data labelling and enhance anomaly detection accuracy. 
Additionally, a focus on integrating multiple sensor data 
(with typical acquisition frequencies in Table 2), frequency 
analysis, and deep learning models, such as Convolutional 
Autoencoders, is becoming prevalent for real-time process 
monitoring and defect detection, especially for time-series 
signals, given the impact of deposition stability on defect 
generation.

Moreover, these practical innovations are opening the 
possibility of employing AI and online monitoring for part 
qualification. If anomalies with respect to qualified data can 
be reliably identified with high accuracy, and if anomaly 
detection tools are further integrated with feedback control-
lers, this approach could represent a game changer in the 
field of certification, advancing beyond process monitoring 
towards data-driven decision-making. Despite this, several 
critical research gaps remain, which continue to limit the 
development of standardised and robust monitoring frame-
works. However, there is considerable scope for future inves-
tigation. Below, we highlight several areas where further 
research is needed to enhance the effectiveness and reliabil-
ity of online monitoring in WAAM processes based on the 
current review:

•	 Sensor placement and signal integrity: While the posi-
tioning of voltage and current sensors is well established, 
the placement of other sensor types, such as AE sensors 
(see Fig. 16) and microphones, is far more complex. The 
distance and angle relative to the deposition area can sig-

nificantly influence signal quality, yet there is a lack of 
systematic studies exploring optimal placement strate-
gies. As with microphones, small variations in position-
ing can lead to substantial changes in the data captured, 
potentially impacting the reliability of the extracted fea-
tures.

•	 Data processing for high-frequency sensors: Unlike 
electrical signals—whose high- and low-frequency 
components often carry interpretable meanings related 
to process stability or defect formation—or welding 
camera images, which have been extensively studied, 
AE and microphone signals lack a consistent theoreti-
cal framework for interpretation. There is currently 
no consensus from scientific community on standard 
frequency ranges or feature types for these sensors. 
Although promising correlations have been observed 
between high-frequency signals and welding defects 
such as porosity and hot cracking, the underlying physi-
cal mechanisms remain poorly understood. This limits 
the generalisability and repeatability of findings across 
different setups.

•	 Non-visual estimation of CTWD and of the layer geom-
etry: Contact Tip to Work Distance (CTWD) and layer 
geometry are critical parameters in arc-based additive 
manufacturing, directly influencing process stability and 
final part quality. While these parameters are typically 
measured using visual sensors, non-visual estimation 

Table 1   Features that can be extracted from the different sensors. *FFT refers to the fast Fourier transform, DWT to the discrete wavelet trans-
form, and STFT to the short-time Fourier transform

Sensor Time domain Frequency domain

Welding current Mean, standard deviation, kurtosis, skewness From FFT* or DWT*, with statistics extracted in specific 
frequency bandwidthsWelding voltage

Welding camera Physical features: Image binarisation and sum/standard deviation of white pixel (Arc energy); in alternative, automatic 
features extracted via Convolutional AutoEncodersThermal camera

Microphone Mean, standard deviation, kurtosis, skewness From FFT* or DWT*, with statistics extracted in specific 
frequency bandwidths; power spectral densityAcoustic emission

Table 2   Sensors and typical acquisition frequencies used in online 
process monitoring

Sensor Sample rates

Welding current 2–5 kHz (up to 1 MHz)
Welding voltage 2–5 kHz (up to 1 MHz)
Welding camera 30 Hz–10 kHz (up to 10 MHz)
Acoustic emission 100 kHz–1 MHz
Microphone 20–100 kHz
Thermal camera 30–120 Hz
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methods remain largely unexplored. From the authors' 
perspective, developing soft-sensing approaches to 
estimate CTWD and layer geometry could signifi-
cantly reduce system complexity and avoid the spatial 
constraints introduced by camera-based setups. Such 
methods would be particularly advantageous in indus-
trial environments, where visual systems can restrict 
the robot’s working envelope and increase maintenance 
requirements. Moreover, non-visual estimation tech-
niques could enable closed-loop feedback control strate-
gies, enhancing process adaptability and reliability.

•	 Multi-sensor fusion: Current approaches to multi-sensor 
fusion often rely on simple feature concatenation prior 
to model input. However, this may not effectively exploit 
the complementary nature of different sensing modali-
ties. Advanced architectures such as hybrid CNN-LSTM 
or CNN-ANN models offer the potential to process 
image-based and time-series data in parallel, enabling 
more nuanced feature extraction. Additionally, convert-
ing time-series data into time-frequency representations 
(e.g., spectrograms via STFT or CWT) and integrat-
ing them as additional image channels could enhance 
the performance of image-based models. Nevertheless, 
the lack of standard practices for such fusion strategies 
remains a barrier to implementation.

•	 AE-based monitoring: Research on using AE sensors 
for online process monitoring during production is still 
limited. These sensors offer practical advantages—they 
can be easily mounted on the worktable and are gener-
ally less sensitive to ambient noise compared to micro-
phones. However, their use requires high-frequency data 
acquisition, which significantly increases computational 
demands.

•	 Comparative analysis of sensor data and materials: The 
selection of optimal sensors and data processing meth-
ods remains an open challenge. Most studies apply their 
techniques to different datasets and materials, making 
it difficult to establish consistent best practices. It is 
particularly hard to determine which features are most 
relevant depending on the process, material, or sensor 
used. As a result, systematic comparisons of individual 
sensors in terms of accuracy, robustness, and reliability 
in real-world conditions are still lacking, hindering the 

identification of the most effective monitoring strategies 
for welding processes.

4 � State of the art for bio‑inspired ML‑based 
optimisation

Nowadays, a wide range of welding technologies is avail-
able and applicable to the manufacturing of various mate-
rials. The presence of embedded control systems capable 
of maintaining stable process parameters plays a critical 
role in ensuring repeatability and consistency. Moreover, 
modern welding equipment often integrates synergic lines 
or one-knob controllers, enabling user-friendly operation 
by automatically coordinating parameter combinations to 
avoid typical defects such as unstable arcs, arc extinction, 
or excessive spatter due to incorrect settings (e.g., wire feed 
speed mismatched with voltage). Moreover, advances in 
welding technology, like surface tension transfer (STT™) 
and cold metal transfer (CMT™), further improve the qual-
ity of WAAM parts.

However, it must be noted that these synergic lines and 
default parameter sets are typically designed for general-
purpose welding tasks and not for achieving application-
specific objectives, especially in relation to AM. When 
aiming for specific outcomes—such as reducing surface 
roughness, minimising the buy-to-fly ratio, tailoring micro-
structural features, enhancing mechanical properties, or low-
ering energy consumption—manual fine-tuning of process 
parameters becomes necessary. This often involves expert 
intervention and extensive experimentation, even for skilled 
welding professionals. In relation to WAAM, process opti-
misation can be used to refine both process parameters and 
tool paths [13, 102], with the aim of maximising goal-ori-
ented objectives [103]. The application of process optimisa-
tion within the context of wire arc additive manufacturing 
(WAAM) remains relatively recent. A Scopus query using 
the terms (“WAAM” OR “Wire Arc Additive Manufactur-
ing” OR “Gas Metal Arc Additive”) AND “optimisation” 
returned 331 papers published since 2014, when limiting 
the search to English-language research articles and confer-
ence proceedings. The majority of these works focus on the 
optimisation of process parameters to improve mechanical 

Fig. 16   AE sensors mounted 
a on top of the substrate plate 
[100] and b in different posi-
tions on the working table [101]
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properties, layer geometry, and energy efficiency and reduce 
parts distortion. From the conducted literature review, three 
main approaches to optimising the WAAM process can be 
identified: traditional methods based on experimental evi-
dence, statistical tools, and, more recently, the use of AI. In 
the following, we briefly present examples of traditional and 
statistical optimisation methods, before proceeding to a more 
in-depth analysis of AI-based approaches in this context.

4.1 � Traditional optimisation methods and their 
limits

While formal optimisation techniques offer systematic 
approaches to process improvement, traditional optimisa-
tion based on experimental evidence remains a valuable and 
widely adopted practice in the WAAM field. The literature 
analysis revealed that several studies refer to optimisation 
even in the absence of mathematical models or algorith-
mic techniques, instead relying on manual tuning of pro-
cess parameters through trial-and-error experimentation. For 
example, Li et al. [104] compared various post-processing 
heat treatments for 91 grade steel with different homog-
enisation times and found that a duration of 2 h yielded 
better results. However, no formal optimisation procedure 
was employed, and the conclusions were based solely on 
experimental observations. In another example, Wu et al. 
[105] introduced arc oscillation as a technique to improve, 
and then optimise, the corrosion properties of Ti6Al4V 
produced via WAAM, comparing the result with the stand-
ard fabrication technique. Vazquez et al. [106] studied the 
effect of substrate cooling and different interpass time on 
the mechanical properties of ER5356 produced via CMT, 
finding a manually optimal value of 140 °C. In [107] the 
authors compared the effect of active cooling on improving 
the microstructure of magnesium alloy components pro-
duced using CMT-based WAAM. Finally, in [108] Sabancı 
et al. conducted an experimental campaign to investigate the 
influence of process parameters on the mechanical properties 
of ER5554 alloy using CMT technology. The study identi-
fied optimal parameters such as a wire feed speed of 0.5 m/
min and a welding speed of 7.5 m/min. Although traditional 
optimisation lacks the predictive capabilities and scalabil-
ity of data-driven methods, it often reflects valuable, expe-
rience-based decisions. These approaches allow for direct 
observation under real manufacturing conditions, aiding 
the identification of critical parameter sensitivities. How-
ever, manual tuning is time-consuming, resource-intensive, 
and limited in its ability to handle complex interactions. In 
contrast, mathematical models offer an efficient means of 
exploring broader parameter spaces, also those not tried in 
the experimental campaign. They help reduce the number of 
experiments, make it easier to optimise for multiple goals, 
and are more cost-effective—especially in industrial use. So, 

while traditional methods are still useful, using models is 
key for making WAAM more efficient and scalable.

4.2 � Statistical tool‑based optimisation

As an alternative to traditional trial-and-error approaches 
and manual tuning of process parameters, some authors 
have proposed the use of statistical and mathematical meth-
ods for optimisation. These methods are particularly valu-
able because they allow for the systematic identification of 
optimal process parameters by observing the relationships 
between input parameters (factors) and the output response 
(Y). One of the most commonly employed techniques for 
process optimisation is response surface methodology 
(RSM). The RMS methodology is simple yet effective: once 
a quadratic model is found that describes the relationship 
between the dependent variable (Y) and the independent 
variable or factors (X), it allows for the maximisation and/
or minimisation of the response using basic derivative tech-
niques, such as steepest ascent [109]. For instance, Le et al. 
[110] employed an RSM to optimise a short-circuit-based 
WAAM process using 308L stainless steel with the objective 
of maximise layer width and height while minimising heat 
input. In other works, such as in [111] for natural GMAW 
of ER5356, researchers used other statistical tools like the 
Taguchi method for optimisation of an index called “bead-
appearance”. The usage of RSM or Taguchi method is a 
common way in the field of WAAM, with several examples 
of similar methodologies, as reported in [112–117].

Although classical statistical methods like RSM and the 
Taguchi method offer efficient frameworks for experimen-
tal design and optimisation, they exhibit notable limita-
tions in handling complex real-world systems. RSM relies 
on low-order polynomial models, which restrict its ability 
to accurately represent nonlinear behaviours, and its effec-
tiveness is limited to local approximations near the experi-
mental region. Moreover, its scalability is reduced by the 
exponential growth in the number of required experiments 
as the number of variables increases. On the other hand, 
the Taguchi method is best suited for discrete input fac-
tors and assumes minimal interaction between them, per-
forming poorly in systems with significant nonlinearity or 
interdependent variables. Therefore, for complex and high-
dimensional problems, more scalable and adaptive model-
ling approaches are needed. An example of an alternative 
solution is reported in the work of Lee in [118]. The author 
employed a GPR model for CMT-WAAM of 316L stainless 
steel and applied sequential quadratic programming (SQP) to 
optimise a simplified mathematical objective function. The 
goal was to identify a combination of process parameters—
including welding speed (WS), wire feed speed (WFS), and 
interpass temperature—that minimised height variation and 
other geometrical deviations, using the predictions obtained 
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from the GPR model. In gradient-based optimisation meth-
ods, it is important to formally and mathematically describe 
the cost function, which should be differentiable. Addition-
ally, the constraints are typically assumed to be linear and 
soft. However, alternative approaches enabled by AI, such 
as the mentioned GA and PSO, allow for the optimisation of 
functions without the need for a differentiable cost function.

4.3 � Innovative bio‑inspired optimisation 
techniques

As mentioned, AI-based bio-inspired optimisation tech-
niques can be applied to optimise the WAAM process by 
accounting for its specific characteristics, thereby enabling 
the development of new data-driven synergies tailored to 
this technology. These methods are particularly well-suited 
to handling nonlinear and complex constraints through 
heuristic approaches. Their flexibility allows the objective 
function to be defined in a more general manner, thereby 
simplifying the optimisation of high-dimensional and con-
tinuous problems.

To conduct a detailed analysis of the data-driven opti-
misation procedures employed in the field of WAAM, a 
more detailed Scopus query was utilised for this research: 
(“WAAM” OR “Wire Arc Additive Manufacturing” OR 
“Gas Metal Arc Additive Manufacturing”) AND “optimi-
zation” AND (“intelligent systems” OR “smart manufactur-
ing” OR “genetic algorithm” OR “particle swarm optimiza-
tion” OR “PSO” OR “whale optimization”). By limiting the 
search to relevant topics from journal articles and conference 
proceedings in English, only 9 papers were identified. As a 
demonstration of the growing importance of this topic in the 
field of WAAM, Fig. 17 illustrates the increasing trend of 
this research, with the first paper published in 2020.

From the analysis of the literature, a scheme has been 
introduced in which a data-driven regression model is used 
to establish a relationship between the process parameters 
and the output, with both the process parameters and model 
estimates utilised in the computation of the fitness function. 
In Ma et al. [119], the authors proposed a linear model to 
correlate process parameters, such as mean welding current, 
welding voltage, and welding speed, to the bead geometry 
of ER308 in a standard welding process, and employed a 
GA to find the optimal parameters that maximise the ratio 
of bead width to height.

In another study, Zhang et al. [120] developed a poly-
nomial model to represent surface roughness and porosity 
percentage in a CMT-WAAM process, and employed the 
Non-dominated Sorting Genetic Algorithm II (NSGA-II) 
to optimise the process parameters with the aim to mini-
mise both. In [121], the authors used PSO to reduce the 
heat input, and maximise the width-to-reinforcement ratio, 
once a polynomial model was established between process 
parameters and response variables. Zhu et al. [122] proposed 
a neural network model capable of more effectively captur-
ing the non-linearity between process parameters, surface 
roughness, percentage of porosity, and bead geometry [12], 
with the aim of minimising the surface roughness in CMT-
WAAM of ER4043. As another notable optimisation tech-
nique in path planning, Kumar et al. [123] employed GA to 
minimise the sum of void (VP) and post-processing (PP) 
material volumes, with the output representing the overlap 
between passes. Similarly, recently Wang et al. [124] pro-
posed the employment of NSGA-II. In another work, Mame-
dipaka et al. [125] demonstrated that NSGA-II optimised 
parameters demonstrated improved mechanical properties 
with respect to RSM. Recently, the sustainability of the pro-
cess has become an increasingly important consideration. 

Fig. 17   Number of Publications 
per year about intelligent opti-
misation of WAAM process
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Therefore, in addition to reducing surface roughness—with 
the potential to minimise the post-processing operations 
required to achieve the final geometry—energy-related 
aspects should also be taken into account. For example, Le 
et al. [126] applied a Gaussian process regression in con-
junction with a Non-dominated Sorting Grey Wolf Opti-
misation (NSGWO) algorithm to optimise the deposition 
of Inconel 625, specifically minimising the layer height-to-
width ratio. This strategy enables the use of wider layers 
to accelerate internal geometry filling while simultaneously 
reducing energy consumption, since this was part of the fit-
ness function. In a related investigation, instead of manu-
ally constraining the search space, the authors introduced 
a hybrid regression-classification neural network to predict 
both geometric outcomes and energy usage [127]. This 
network effectively identifies process-parameter sets that 
achieve high-quality deposition with minimal energy input.

In their most recent WAAM studies, the authors fabri-
cated demonstrator samples to validate the efficacy of the 
optimised process parameters, underscoring both the nov-
elty and high potential of this research direction. Although 
existing fitness functions have been adapted from welding 
applications, WAAM presents unique considerations. First, 
mechanical properties are intrinsically linked to the heat 
input, so future models should explicitly correlate process 
parameters with metallurgical and performance outcomes. 
Incorporating more sophisticated constitutive or microstruc-
ture-aware models into the optimisation loop would further 
strengthen the integration of these tools in WAAM. Beyond 
mechanical performance, additional objectives—such as 
distortion, micro-porosity distribution, crack initiation and 
length, and surface roughness—should be included in multi-
objective optimisation studies. While quantifying these fea-
tures requires more intensive experimental and microstruc-
tural analysis, doing so will yield a richer fitness landscape 
and more robust parameter sets. Moreover, different optimi-
sation algorithms may converge on distinct “optimal” solu-
tions; ensemble approaches (for example, agent-based voting 
among candidate solutions with partially overlapping fitness 
functions) could reconcile these differences and improve 
overall reliability. Finally, the application of reinforcement-
learning techniques offers a promising, data-driven route to 
adaptive parameter tuning in dynamic build environments.

Looking ahead, a critical frontier lies in balancing build 
time, energy consumption, and environmental impact. By 
integrating life-cycle assessment metrics—such as global 
warming potential [128]—into a comprehensive fitness func-
tion, it becomes possible to optimise for production speed, 
energy efficiency, and green credentials simultaneously. 
Novel formulations of multi-objective and adversarial fitness 
functions are required. For example, the function defined in 
Eq. 7 can be specialised for WAAM, where

•	 f1 represents the primary build objective, such as maxim-
ising the width (w) and the height (h);

•	 f2 captures sustainability targets, such as minimising 
energy consumption E, surface roughness (S), GWP and 
defect rates (d);

•	 f3 quantifies mechanical performance, for example meas-
uring deviation from the desired material properties 
( Pref ) and the estimated one ( ̂P).

Embedding these ML-driven, multi-objective optimis-
ers within slicing software would create a new paradigm 
of goal-oriented build-path planning, enabling practitioners 
to trade off competing objectives in real time and to extend 
these advances to other additive manufacturing processes.

4.4 � Summary of the emerging trends, challenges 
and future perspectives

In this section, we analysed the state of the art in optimi-
sation procedures. We first discussed the main limitations 
of traditional manual optimisation based on experimental 
evidence, followed by the improvements introduced through 
statistical tools such as RSM. Furthermore, we addressed the 
limitations of these statistical approaches and highlighted 
some of the most innovative research in the field, including 
the application of GA and PSO. A summary of the state-
of-the-art is reported in Table 3. These advanced methods 
have demonstrated the potential to achieve enhanced perfor-
mance, as reported in several studies. Nonetheless, from the 
authors’ perspective, certain limitations remain and should 
be further addressed in future research within this field, such 
as:

•	 Optimisation based on energy consumption and sus-
tainability: Although the current trend is to incorporate 
sustainability considerations into process optimisation, 
to date, only one study has specifically addressed this 
issue using data-driven approaches. New datasets, as 
well as appropriately designed fitness functions, must 
be developed to support this direction. These new multi-
objective fitness functions tailored to the WAAM process 
are needed. These should aim to find an optimal trade-
off between performance and sustainability—reducing 
the number of passes, minimising energy consumption, 
while simultaneously enhancing mechanical properties 
and reducing undesirable surface roughness.

•	 Optimisation based on residual stresses: Two important 
aspects remain largely unaddressed in current optimisa-
tion frameworks: residual stresses and the influence of 
toolpath strategies on final part distortion. The integra-

(7)
F = w1f1[max(w;h)] + w2f2[min(E, S,GWP, d)] + w3f3[min

(

Pref − P̂

)

]



Welding in the World	

tion of these factors into the optimisation process is cru-
cial.

•	 Integration of optimisation procedures within slicer 
software: The implementation of such optimisation 
techniques within slicing software should be more thor-
oughly studied and developed. Doing so could enable 
users to apply goal-oriented optimisation of parts through 
AI-based approaches. This is especially important given 
that path planning governs critical parameters such as 
overlap, the extent of re-heating, and thermal distribu-
tion.

•	 Enhancing decision-making and optimisation using rein-
forcement learning: Finally, as techniques like reinforce-
ment learning have shown promising results in address-
ing continuous action space problems in arc welding, 
their application to WAAM optimisation should also be 
explored in future research. In summary, several chal-
lenges still exist, and numerous opportunities for impact-
ful research remain—particularly when these efforts are 
aligned with sustainability goals.

5 � Conclusions

This paper has examined recent advances in machine-learn-
ing (ML)-enabled in situ monitoring and process-parameter 
optimisation in wire-arc additive manufacturing (WAAM), 
offering an updated literature review and presenting key sig-
nal-processing models. By distilling complex concepts into a 
practical framework, it may guide welding practitioners and 
software developers alike towards effective implementation 
strategies. Synthesising the evidence reviewed in this work, 
we can list the following principal conclusions:

•	 The analysis of welding current and voltage signals, 
valued for their standardisation, cost-effectiveness and 
non-intrusiveness, has demonstrated the potential of 
both supervised and unsupervised learning techniques—

augmented by generative‐AI (GenAI) and frequency‐
informed neural networks (FINN)—to achieve accuracies 
approaching 90%. Although it is a well-researched topic, 
refinement in accuracy can be reached by the integration 
of multi-modal and multi-sensor monitoring approaches. 
Moreover, the possibility of solving the challenge of real-
time, cost-effective layer‐geometry estimation with those 
sensors promises to bridge this gap and to enable closed-
loop feedback control, a mandatory next step towards 
AI-based certification of the parts.

•	 As discussed, vision-based monitoring remains the 
predominant method for defect and anomaly detection, 
but its reliance on fully supervised convolutional neu-
ral networks incurs significant labelling overheads and 
can overlook subtle irregularities. The emerging trend 
towards semi-supervised and unsupervised feature 
learning, combined with lightweight classification mod-
els, offers a route to reduce annotation burdens and to 
enhance sensitivity to unseen defects.

•	 Regarding the audio-based methods, while demonstrat-
ing their effectiveness offline, they demand computation-
ally efficient algorithms for adoption in industrial online 
monitoring. Therefore, few works explored the possibil-
ity of employing this sensor (the microphone) for in situ 
monitoring, opening several research possibilities in rela-
tion to the application of state-of-the-art methods like 
unsupervised learning and complex GenAI methods.

•	 Thermal imaging, despite its potential disruptive impact 
for in-situ process monitoring, remains unexplored in 
WAAM. Similarly, acoustic-emission sensing, with its 
acute sensitivity to micro-cracking, has yet to be har-
nessed in a machine-learning context either. Developing 
comprehensive AE/thermal signature ML-based moni-
toring could deliver earlier and more precise detection of 
micro-defects than currently employed sensors. A further 
critical step is to quantify the suitability of each sensor 
modality for detecting particular defect types. However, 
adoption is hampered by uncertainties in emissivity 
calibration for thermal monitoring, by the still limited 
understanding and exploitation of acoustic-emission 

Table 3   Review of intelligent process optimisation applications

References Methodology

[119] Polynomial regression and GA maximise the ratio of bead width to height
[120] Polynomial model and NSGA-II for surface roughness optimisation
[121] Polynomial model and PSO for reducing the heat input, and maximising of the width-to-reinforcement ratio
[122] Neural network and GA for surface roughness optimisation
[123, 124] Polynomial regression and GA or NSGA-II for void minimisation in path planning
[125] Polynomial regression and RSM and NSGA-II for optimise of the width-to-reinforcement ratio and surface roughness
[126] Gaussian process regression NSGWO for surface roughness and energy consumption optimisation
[127] Neural network and GA for energy consumption optimisation
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(AE) signals, and by the computational burden of real-
time processing of high-rate data streams (> 100 kHz).

•	 Current literature offers inadequate data on direct com-
parisons of single-sensor versus multi-sensor monitoring, 
leaving practitioners without guidance on optimal sensor 
selection. Establishing standardised benchmarking proto-
cols to evaluate sensors against diverse defect classes will 
fill this gap and inform cost-effective, application-specific 
monitoring strategies. Given that most algorithms are 
data-driven, performance is strongly dataset-dependent, 
which hampers like-for-like comparisons; consequently, 
broader, standardised evaluations on shared benchmarks 
are required before making credible generalisation claims 
about the implications of ML monitoring for practical 
integration into industrial systems and practice.

•	 Finally, an important topic not addressed in previous 
reviews is parameter optimisation. In particular, bio-
inspired optimisation techniques show considerable 
promise when coupled with ML. Accordingly, this review 
examines both traditional and innovative, goal-oriented 
strategies for parameter selection, demonstrating how 
they can reduce the number of required experiments—
thereby saving time and cost—while maintaining, or even 
improving, process performance.

•	 Recent studies have demonstrated the use of regres-
sion analysis to build reduced-order models that capture 
complex relationships between process parameters and 
performance metrics (layer geometry, porosity dimen-
sion, energy consumption and quality scores), enabling 
efficient parameter searches.

•	 However, further research is needed to design goal-ori-
ented fitness functions that internalise green-manufac-
turing criteria—such as specific energy consumption, 
carbon footprint, and LCA-derived impacts—alongside 
classical constraints on mechanical properties and micro-
defect tolerances, and to develop new multi-objective 
optimisers accordingly. Extending these frameworks with 
reinforcement learning and constrained/robust formula-
tions could improve adaptability and deliver efficient, 
sustainability-aligned process settings. Potentially, the 
same optimisation pipelines could also be leveraged to 
develop WAAM-oriented “synergic lines”—data-driven 
parameter maps tailored to alloys, transfer modes, and 
geometries—thereby modernising classical welding 
practice for additive manufacturing.
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