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Abstract: Wire Arc Additive Manufacturing (WAAM) is being 
popularized as a new practical and economical approach for 
producing large metal components. However, the process still faces 
challenges of getting consistent bead geometry. Even a small 
variation in heat input, travel speed, wire feed rate and interlaying 
thermal accumulation can fluctuate the bead shape. This affects the 
dimensional accuracy, mechanical performance, and surface finish. 
Researchers have increasingly turned to Machine Learning and other 
data driven strategies to understand and manage these complex non-
linear relationships. This study aims to combine the scattered findings 
on how different machine learning models have been used to predict 
and optimize WAAM. Commonly used data sets such as engineering 
particles, sensor-based monitoring methods, and hybrid frameworks 
that combine physics based and data driven approaches alongside 
summarizing existing efforts. This review will map the strengths and 
shortcomings of current techniques further highlighting where the 
work is still needed, especially in the areas of large-scale data sets, 
real time control, and cross-material generalization. 

Keywords: WAAM, machine learning, bead geometry, hardness, 
additive manufacturing. 

1. Introduction 

For Producing Large, near net-shape metal components, Wire Arc Additive Manufacturing 
(WAAM) has been rapidly evolving from a niche fabrication technique to a practical solution 
[1]. In WAAM, the material is deposited layer by layer with the help of arc welding process 
as shown in Figure 1. Some features like High deposition rate, low material wastage and 
flexibility to build sizable parts are some of the reasons why this process is popularized. This 
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process is used exclusively where it is uneconomical to manufacture with powder-based 
methods. WAAM finds it’s application in various sectors including aerospace, defense, 
tooling, marine structure and repair applications. Even after a growing presence, WAAM 
remains sensitive to fluctuating operation conditions. One of the most persistent challenges 
in WAAM is to achieve stable build quality [2]. 

Final Part Quality in WAAM is heavily governed by geometry of each deposition bead. Bead 
height, width, reinforcement and penetration dictate successive layer stacking, accuracy of 
component confirms to its intended shape and how residual stress evolve during cooling. 
Geometric distorting, surface waviness, lack of fusion or excessive heat input are some of 
the defects that can occur for a small deviation in bead geometry. 

 
Fig. 1: Working of WAAM [3] 
 

It is difficult to predict bead shapes using simple analytical or empirical correlations because 
bead geometry depends on complex interplay of arc behavior, thermal history, material flow 
and machine setting [4]. 

Traditional modelling frameworks such as regression-based equations, response surface 
methodology and finite element simulations have contributed to getting basic understanding 
of WAAM behavior. But these approaches are not useful for nonlinear relationships. Hence, 
they typically require extensive calibration for each material or setup. Researchers have 
begun to lean towards Machine Learning (ML) approaches to capture hidden relationships 
between process inputs and bead geometry. ML can identify subtle trends that are difficult to 
recognize by conventional analysis even when operation window is non-linear. 

For WAAM. A diverse range of ML tools ranging from neural networks and support vectors 
to deep learning architecture are being explored. These models are being used for predicting 
bead geometry, optimizing process parameters, detecting defects and supporting real time 
process control.  

The literature remains scattered as the studies vary in parameter selection, data size, 
algorithm used and evaluation techniques. Due to the small operating range in Machine 
Learning models, it is difficult to generalize these studies across materials, machines or 
deposition strategies. 
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of WAAM behavior. But these approaches are not useful for nonlinear relationships. Hence, 
they typically require extensive calibration for each material or setup. Researchers have 
begun to lean towards Machine Learning (ML) approaches to capture hidden relationships 
between process inputs and bead geometry. ML can identify subtle trends that are difficult to 
recognize by conventional analysis even when operation window is non-linear. 

For WAAM. A diverse range of ML tools ranging from neural networks and support vectors 
to deep learning architecture are being explored. These models are being used for predicting 
bead geometry, optimizing process parameters, detecting defects and supporting real time 
process control.  

The literature remains scattered as the studies vary in parameter selection, data size, 
algorithm used and evaluation techniques. Due to the small operating range in Machine 
Learning models, it is difficult to generalize these studies across materials, machines or 
deposition strategies. 

In this review, we aim to bring coherence to the Machine Learning based prediction by 
optimizing bead geometry in WAAM. Fundamentals of bead geometry are studied, then 
summarized conventional and ML-modelling efforts, compare algorithmic performance 
across studies, and highlight emerging opportunities and adaptive control, sensor fusion and 
physical-augmented learning.  

 
2. Fundamentals of Bead Geometry in WAAM 

Every bead deposited during WAAM influences the dimensions, heat distribution and 
integrity of next layer. Bead shape is achieved by a delicate balance between process 
parameters, thermal interactions and material behavior. Hence, understanding their 
fundamentals is essential for accurate prediction and optimization. This section will discuss 
in detail key geometric descriptors, the process variables and physical mechanism governing 
bead formation [5]. 

2.1 Key Bead Geometry Patterns 

Material buildup during deposition is determined by Bead height. It indicated how layers 
stack and vertical accuracy of printed structure. Excessive height may cause instability, while 
insufficient height may create bonding issues between layers [5]. Bead width implies lateral 
spreading of molten metal after solidification. It determines surface coverage, overlap 
between surrounding passes. Defects such as underfills, overfills and surface waviness can 
be avoided by maintain consistent bead width [6]. Figure 2 shows the bead geometry and its 
various parameters. 

The depth of fusion between the deposition material and the underlaying layer is referred to 
and penetration. Proper penetration ensures strong metallurgical bonding whereas excessive 
penetration can lead to undesirable heat accumulation. 

 

Fig. 2. Bead geometry 

Additional material that forms above the intended surface is called reinforcement. Excessive 
reinforcement increases post-processing requirements and may have to compromise on 
dimensional accuracy. The ratio of base molten metal in the deposition is referred to as 
Dilution. Dilution affects chemical composition and mechanical properties of deposited 
layers [7]. Vertical resolution and stacking behavior in WAAM are determined by Layer 
Height and spacing between these layers. All these parameters discussed also affect the 
residual stress distribution and thermal management through the building. 
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2.2 Process parameters influencing bead geometry. 

 

 

Fig. 3. Primary process selection criteria in WAAM [8] 

Figure 3 shows important process parameters in WAAM. The amount of material delivered 
to the molten pool is directly controlled by Wire feed rate. Larger feed speed gives large bead 
size. If the balance between feed speed and heat input is not achieved, that can cause 
overheating or excessive reinforcements. 

Travel speed changes based on the exposure time of the heat source over a particular area. 
Faster speed will make less penetration and hence smaller bead size. Travel speed needs to 
be monitored to achieve stable layer geometry [9]. 

Arc voltage governs the electrical energy supplied to molten wire and substrate. Increasing 
current will enhance penetration. Voltage will affect the length and heat distribution. 
Combined effect of Voltage and Current largely affects the melting efficiency and thermal 
behavior. Heat input is crucial for bead formation. Incomplete Heat may cause incomplete 
fusion or unstable deposition. 

Solid or Cored wired electrodes can also influence deposition efficiency, droplet transfer 
mode and arc stability. Cored wires have flux content, hence modifies bead shape – enhancing 
metallurgical properties. This makes selection of wire an important factor for process 
optimization [10]. Shielding gas compositions such as Argon, CO2, Helium and their blends 
interact differently with arc which also alters the bead geometry. Polarity and waveforms also 
affect geometric and metallurgical properties of bead. Table 1 presents the process parameters 
and their effect on the bead geometry. 
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Table 1: Process Parameters affecting bead geometry in WAAM. 

Process Parameter 
Typical Range 

Reported in 
Literature 

Effect on Bead 
Geometry 

Major Observations from 
Published Studies 

Wire Feed Rate 2–12 m/min 

Increases bead height 
and width with 
increasing deposition 
rate 

Higher wire feed produces 
larger bead volume and 
reinforcement 

Travel Speed 200–1200 
mm/min 

Higher speed reduces 
bead width and 
penetration 

Excessively high speed may 
cause discontinuous 
deposition 

Welding Current 80–350 A Influences penetration 
and molten pool size 

Higher current increases 
penetration depth 

Arc Voltage 16–35 V Controls arc length 
and bead spread 

High voltage increases bead 
width 

Heat Input 0.3–1.8 kJ/mm 
Determines cooling 
rate and thermal 
distortion 

Excess heat causes wider 
beads and residual stress 

Shielding Gas Ar, Ar-CO2, Ar-
He 

Affects arc stability 
and droplet transfer 

Helium-rich mixtures 
improve penetration 

Polarity/Waveform DCEP, pulsed, 
CMT 

Controls heat 
distribution and metal 
transfer 

Pulsed/CMT reduces spatter 
and heat accumulation 

2.3 Physical Mechanism governing Bead geometry 

How fast does the material deposited to the developing structure is defined by Metal 
deposition rate? It depends on two critical parameters – wire melting efficiency and arc 
behavior. It is a sensitive indicator of process stability [11]. Molten pool has thermal gradients 
which determines the fluid flow and solidification nature. Varying bead profiles and high 
residual stresses are due to steep thermal gradients, whereas uniform bead profiles are due to 
uniform temperature distribution. 

Surface tension, electromagnetic forces, arc pressure and gravity affect the molten pool 
nature. They determine how the molten metal spreads and how the pool solidifies. 
Microstructure and surface finish are defined during solidification. Rapid cooling shows fine 
microstructure whereas fast cooling will give coarse grains [12].   

 
3. Machine Learning and AI Advances in WAAM 

WAAM is different from traditional welding or machining approaches as it involves a 
combination of dynamic thermal behavior, evolving geometries and interacting process 
parameters that rarely follow linear trends. Interpreting Complex relationships is now 
possible by combining Machine Learning and Artificial Intelligence. Figure 4 shows general 
machine learning approach for bead geometry prediction and optimization. Their ability to 
capture nonlinear interaction, learn from empirical datasets and assist in both prediction and 
optimization has made ML an emerging pillar of modern WAAM research. This section 
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reviews why data-driven methods are uniquely suited to bead geometry modelling and how 
different ML and AL techniques have been applied within WAMM [13]. 

 

Fig. 4: General machine learning approach for bead geometry prediction and optimization. 

3.1 Why machine learning for bead geometry? 

WAAM is inherently nonlinear. In WAAM varies parameters, such as bead geometry shaped 
by subtle interactions among heat input, wire feed, travel speed, thermal accumulation, and 
material-specific attributes fed to the model. Traditional empirical models struggle to 
evaluate these nonlinearities, often requiring limited assumptions or operating ranges. ML 
models, on the contrary, perform very well at describing complex cause-and-effect patterns 
without demanding extreme mathematical formulations [14]. Table 2 shows the conventional 
modeling approaches for bead geometry prediction. 

Table 2: Conventional modelling approaches for bead geometry prediction 

Technique Key Features Advantages Limitations 

Regression 
Modelling 

Mathematical relation 
between inputs and 
outputs 

Simple and 
interpretable 

Poor nonlinear prediction 
capability 

Response 
Surface 
Methodology 
(RSM) 

DOE-based 
optimization method 

Reduces 
experimental runs 

Limited for highly 
coupled systems 

Taguchi 
Method 

Statistical optimization 
using orthogonal arrays 

Efficient parameter 
screening 

Limited interaction 
analysis 

ANOVA Statistical significance 
analysis 

Identifies dominant 
parameters 

Not suitable for predictive 
modelling 

Finite 
Element 
Analysis 
(FEA) 

Thermal-fluid 
simulation approach 

Captures physics of 
molten pool 

Computationally 
expensive 

 

Another challenge lies in the multi-dimensional nature of WAAM parameters. Process setting 
changes one parameter-such as arc current. This can amplify or diminish the effect of the 
other parameter. Material layers add another layer of variability. With the help of ML, we can 
incorporate some material specific features such as thermal conductivity and melting point 
to predictive frameworks. Hence, ML makes it possible to develop models that are adaptable 
for different materials. ML reduces the time required for process optimization [15]. 
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Another challenge lies in the multi-dimensional nature of WAAM parameters. Process setting 
changes one parameter-such as arc current. This can amplify or diminish the effect of the 
other parameter. Material layers add another layer of variability. With the help of ML, we can 
incorporate some material specific features such as thermal conductivity and melting point 
to predictive frameworks. Hence, ML makes it possible to develop models that are adaptable 
for different materials. ML reduces the time required for process optimization [15]. 

3.2 Machine learning methods used in WAAM. 

All selection ML techniques are based on the types of data available, the complexity of the 
prediction task and the desired model interpretation. There are wide range of ML models 
available, ranging from classical supervised learning algorithms to advanced deep learning 
architecture and hybrid optimization approaches. 

Table 3: Published studies on Machine Learning-Based Bead Geometry Prediction in WAAM. 

Ref. Material Input 
Parameters ML Technique Output 

Parameters Performance 

[16] Al 5356 

Travel speed, 
torch angle, 
wire feed rate, 
CTWD 

ANN, RF, 
XGBoost, 
Linear 
Regression 

Bead 
height, 
bead width 

ANN achieved 
R² = 0.6505 for 
bead height 
prediction 

[17] Stainless Steel 

Voltage, 
current, travel 
speed, wire 
feed rate 

Decision Tree, 
RF, KNN 

Bead 
height, 
bead width 

Decision Tree 
accuracy = 
87.8% for bead 
width 

[18] GMAW-WAAM 
Alloy 

Current, 
voltage, travel 
speed 

Deep Neural 
Network 
(DNN) 

Bead 
geometry 

DNN showed 
improved 
prediction 
stability 

[19] CoCrFeNiMo0.2 
Alloy 

Thermal and 
welding 
parameters 

BPNN, RF, 
SVR 

Height, 
width, 
contact 
angle 

SVR best for 
bead width 
prediction 

[20] 17-4 PH 
Stainless Steel 

Current, 
voltage, wire 
feed rate 

ANN, XGBoost 
Bead 
height and 
width 

ANN showed 
highest 
prediction 
accuracy 

 

3.2.1 Supervised Learning Models: 

Most applied tools for Bead geometry prediction. Artificial Neural Networks (ANN) are 
flexible, and they can approximate complex nonlinear relationships. If these models get 
trained on well labelled datasets, they can predict bead height, width, penetration and 
reinforcement. They outperform traditional regression models, giving higher accuracy in 
prediction [21]. In case of smaller datasets, Support Vector Regression (SVR) are used. SVR 
can also accommodate changing heat input conditions to predict bead geometry. 

Random Forest (RF) method is useful to determine most influential parameter for change in 
bead shape. This method is immune to noise and outliers. XGBoost and LightGBM models 
can capture subtle non-linear interactions between process variables. Hence, they are suitable 
for multi-parameter optimization studies [22].  

3.2.2 Deep Learning Models 

These are popularized as image-based monitoring and sensor-rich setups. Spatiotemporal 
features, which are otherwise difficult to quantify manually can be captured easily using these 
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models. Convolutional Neural Networks (CNN) are used to analyze images of weld pool and 
bead surfaces. This helps in real time estimation of bead geometry. 

Long Short-Term Memory (LSTM) and other Recurrent Neural Networks (RNN) 
architecture suits well for time-series prediction. Maintaining temporal dependency is crucial 
as arc signal, temperature and bead formation evolves over time. Hybrid ANN-FEA combines 
physics-based simulations with data-driven learning. By using theoretical and empirical 
trends, it creates more generalizable and consistent prediction setup. 

3.2.3 Optimization-Integrated ML Models 

Machine learning plays a critical role in predicting and optimizing the parameters in Wire 
Arc Additive Manufacturing. ANN combined with Genetic Algorithms (GA) searches for 
optimal combination of wire feed rate, travel speed and current. Particle Swarm Optimization 
(PSO) uses swarm intelligence converges towards optimal bead shape. Grey Wolf 
Optimization (GWO) and Differential Evolution (DE) are convenient for multi-model or 
irregular landscape. Bayesian Optimization maintains a balance between exploration and 
exploitation. It is useful when data is limited [23]. 

3.2.4 Reinforcement Learning Possibilities 

In Reinforcement Learning the setup doesn’t rely on offline data but exhibits real time process 
control. Adaptive path planning is one of the most crucial potential applications of RL. Here, 
the RL model will alter the torch deposition, maintain consistent bead shape. RL can do 
dynamic changes to control layer buildup or deviation in bead height. It can also modify heat 
input and travel speed, enabling stable WAAM process. Table 4 presents the comparative 
analysis of machine learning in WAAM. 

Table 4: Comparative Analysis of Machine Learning Algorithms in WAAM 

ML Model Strengths Weaknesses Suitable Applications 

ANN Excellent nonlinear 
mapping capability 

Requires large datasets 
and tuning 

Bead geometry 
prediction 

SVR Effective for small 
datasets 

Sensitive to kernel 
selection 

Precision geometry 
estimation 

Random 
Forest 

Robust against noise and 
overfitting 

Lower extrapolation 
capability 

Parameter sensitivity 
analysis 

XGBoost High prediction accuracy 
and speed 

Complex hyperparameter 
tuning 

Multi-parameter 
optimization 

KNN Simple and interpretable Poor scalability for large 
datasets 

Baseline prediction 
studies 

CNN Effective for image-
based analysis 

Requires high 
computational resources 

Molten pool 
monitoring 

LSTM/RNN Captures time-dependent 
behaviour Long training time Arc signal prediction 

 
4. Datasets and Feature Engineering Strategies 

Reliable prediction and optimization of bead geometry in WAAM relies heavily on the 
quality of data used to train machine learning models. This is different than the traditional 
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4. Datasets and Feature Engineering Strategies 

Reliable prediction and optimization of bead geometry in WAAM relies heavily on the 
quality of data used to train machine learning models. This is different than the traditional 

welding studies. The traditional method relies on limited sets of manually collected 
measurements. WAAM research has begun generating large, multi-model datasets which 
include process parameters, sensor readings, and geometry measurements. The field still 
faces the challenge of inconsistent dataset formats and varying levels of details across studies. 
In this section, we will discuss the types of datasets commonly used, the approaches followed 
for the selection of meaningful features and the preprocessing various levels the required 
preparation of the data for ML based Modelling [24]. 

4.1 Experimental Datasets in WAAM 

Most experimental datasets links process parameters with measured bead geometry outputs. 
These create a baseline for Supervised learning, giving direct cause and effect relationships. 
Research is happening to achieve a generalizable multi-material dataset model. These multi-
material dataset models enable us to study how different material reacts to similar thermal 
and process conditions. But due to its excessive cost, time requirement and logistically 
constraint experimental work, WAAM study still relies on small datasets. Small datasets 
affect the performance of ML models and increase overfitting. As a result, need for large 
datasets remains a major barrier in adopting WAAM as an advanced machine learning 
technique [25]. 

4.2 Feature Selection 

This improves model accuracy and interpretability. One common feature is energy input 
given per unit length. This feature combines Current, voltage and travel speed in a Single 
representative measure. Also, heat index metrices capture the relative influence of thermal 
input compared to deposition rate. More examples of such secondary features- wire feed rate, 
thermal cycle features etc. [26].  

4.3 Sensor-Based Data Acquisition 

Figure 5 shows the sensor-based monitoring system in WAAM. Sensor technology plays 
important role in making high quality datasets. Infrared (IR) cameras capture real time 
information and give thermal maps. Thermal maps are used to study heat distribution and 
cooling patterns. Similarly, high speed cameras capture droplet transfer mode, arc 
behaviour and molten pool oscillation. 

 
Fig. 5. Senor based monitoring system in WAAM. 
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Arc Voltage and Current Signals indicated stability, heat input, fluctuations and metal transfer 
dynamics. Acoustic emission captures sound signatures that indicate arc stability. 

Also, 3D scanning and profilometry tools provide high resolution measurements of bead 
geometry. It enables precise data for validating Machine Learning models. 

4.4 Data Preprocessing 

The WAAM needs to be clean first as it contains inconsistencies before we process the data 
for Machine Learning. Normalization is a common method used to get input at similar level. 
Dataset is affected due to momentary arc instabilities, sensor errors or other anomalies. 
Normalization, especially for sensor-based data like voltage helps to smooth out random 
fluctuation and enhances reliability of extreme features. 

5. Machine Learning-Based Optimization of Bead Geometry 

We use ML to predict and optimize bead geometry in Wire Arc Additive Manufacturing. 
Optimizing bead geometry helps to improve part accuracy, surface finish and structural 
integrity. Traditional Design of experiments methods require more resources. But to achieve 
rapid evaluation, ML is preferred. 

5.1 ML Driven Single Objective Optimization 

Here, as the name suggests, we focus only on improving one bead geometry parameter. It is 
useful during early process calibration. Minimizing height will reduce instability. ML 
estimates height trends under different operating conditions. 

ML models help in finding relationship of surface irregularities with various factors like arc 
fluctuation, thermal cycle or inconsistent travel speed. 

To control penetration, voltage, current and thermal features are predicted using ML models. 
It balances fusion quality with thermal efficiency.  

5.2 Multi Objective Optimization 

Real Wire Arc Additive Manufacturing processes rarely involve one performance goal. 
Instead, multiple objectives must be achieved at the same time, often with inherent trade-
offs. Multi-objective optimization techniques, more importantly, when supported by ML-
based surrogate models, are well suited in navigating these challenging requirements. A 
common trade-off exists between dimensional accuracy and builds rate. Greater travel speeds 
may increase productivity, but it can also reduce bead stability or accuracy. Multi-objective 
models help identify operating conditions that maintain precision with throughput. Similarly, 
heat input and residual stress are tightly coupled, but they often move in opposite directions. 
Lower heat input will reduce stress, but it may compromise fusion quality. Machine 
Learning-supported optimization frameworks will allow exploration of the parameter space 
to identify settings that minimize stress while maintaining acceptable bonding at the same 
time. 
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5.1 ML Driven Single Objective Optimization 

Here, as the name suggests, we focus only on improving one bead geometry parameter. It is 
useful during early process calibration. Minimizing height will reduce instability. ML 
estimates height trends under different operating conditions. 

ML models help in finding relationship of surface irregularities with various factors like arc 
fluctuation, thermal cycle or inconsistent travel speed. 

To control penetration, voltage, current and thermal features are predicted using ML models. 
It balances fusion quality with thermal efficiency.  

5.2 Multi Objective Optimization 

Real Wire Arc Additive Manufacturing processes rarely involve one performance goal. 
Instead, multiple objectives must be achieved at the same time, often with inherent trade-
offs. Multi-objective optimization techniques, more importantly, when supported by ML-
based surrogate models, are well suited in navigating these challenging requirements. A 
common trade-off exists between dimensional accuracy and builds rate. Greater travel speeds 
may increase productivity, but it can also reduce bead stability or accuracy. Multi-objective 
models help identify operating conditions that maintain precision with throughput. Similarly, 
heat input and residual stress are tightly coupled, but they often move in opposite directions. 
Lower heat input will reduce stress, but it may compromise fusion quality. Machine 
Learning-supported optimization frameworks will allow exploration of the parameter space 
to identify settings that minimize stress while maintaining acceptable bonding at the same 
time. 

 

5.3 Hybrid Models Integrating Physics and ML  

Powerful data driven models may also struggle with smaller datasets. Small datasets show 
consistency with physical laws which hampers the predictive capacity. Hence, we are 
approaching hybrid models that combine physics-based modelling with machine learning. 

In Physics Informed Neural Networks (PINNs) that includes governing equations of heat or 
fluid transfer into the learning process. This improves generalization ability of models. Also, 
the dataset required need not to be large. FEA Models provides synthetic data that is used to 
train ML models. 

 
6. Real Time Monitoring and Closed-Loop Control 

There are many useful tools in ML to capture sensor data. Which is why we are observing a 
shift of WAAM from a laboratory experiment to an industry scale application. 

6.1 ML for process monitoring 

Real time monitoring systems use data like thermal images, arc signals, sound signature or 
video footage to track molten pool behaviour and bead formation. For this multi model setup, 
ML is very effective. CNN provides pool boundaries through camera imaging, vital feedback 
for pool area, bead width and oscillation patterns, supporting quality. 

ML is useful to predict defects such as porosity, undercut or lack of fusion. Thermal field 
prediction is important to understand Heat accumulation and cooling behaviour across 
successive layers. ML based thermal models show how heat will propagate, allowing 
automated systems to adjust deposition schedules or cooling intervals accordingly. 

6.2 Closed loop Correction system 

 

Fig. 6: Closed loop control strategy for WAAM 

Figure 6 displays the closed loop control strategy for WAAM. Here next step is known since 
it is closed loop. ML models in WAAM interact while the process is still ongoing [28]. 
Adaptive control is specialty of reinforcement learning. RL models modify travel speed, wire 
feed rate and torch height. Hybrid PID+ML systems have stability of classical control with 
predictive strength of Machine. The final goal of this closed loop system is real time 
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correction in Bead geometry. The system monitors bead dimensions with expected values 
and automatically adjusts to ensure uniformity, dimensional accuracy and reduces defects. 

7. Conclusion 

Bead geometry is important to achieve process stability and part quality in WAAM. Bead 
geometry influences from stacking layers to mechanical performance. The field now finds it 
is applications in Industrial level applications. It is ability to model, predict and control bead 
shape has become especially important. Traditional approaches use baseline methods, but 
they fall short while dealing with parameters that are non-linear, multi parameters. 

Machine Learning is used to bridge this gap. It can learn complex patterns. For example, 
using sensor-based data allows research to capture subtle dependencies that are difficult to 
describe analytically. Various ML models like regression models, advanced ensemble, 
algorithms, deep learning architecture and hybrid frameworks have given impressive 
accuracy in predicting bead dimension and other quality indicators. Each technique has its 
own unique advantage. Tree based models will provide interpretability, Neural networks 
provide flexibility in making nonlinear models, Deep learning excels in fetching detailed 
analysis with image based or time series inputs. 

A complete solution is yet to be provided by any method yet. Hybrid models combine data 
driven learning with physics-based understanding. Techniques like Physics informed neural 
networks, FEA combined with ML, and twin models indicate that predictive accuracy and 
computational efficiency can co-exist. All these advances have pushed WAAM from an open-
looped operator dependent process to a more autonomous and adaptable manufacturing 
system. 

In future the combined effect of ML and WAAM is expected to give positive changes in 
dimensional accuracy, productivity, and defect mitigation. Data driven approaches are 
playing a vital role in shaping next generation WAAM technology which is more reliable, 
high performance and suitable for industrial applications. 
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