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ABSTRACT

Laser Material Deposition (LMD) and its high-speed variant, EHLA, are modern tech-
niques used to enhance surface coating performance and repair metallic components.
EHLA stands out for its ability to deposit thin, metallurgically bonded layers with minimal
thermal impact, enabling rapid and precise coating of large areas. However, incon-
sistencies in powder feeding, caused by factors such as nozzle clogging, powder
agglomeration, or environmental variations, can lead to defects, material waste, and
system downtime. Conventional monitoring systems often lack the responsiveness and
precision required for real-time anomaly detection. This thesis proposes a machine
learning-based monitoring system designed to estimate powder mass flow during the
EHLA process. The system leverages a convolutional neural network (CNN) based on
EfficientNet-B1 encoders, trained to predict the disk speed of the powder feeder, which
is experimentally correlated with the powder mass flow through weight measurements
obtained using a precision balance. The model receives paired images from coaxial
and side-view cameras, along with carrier gas flow rate data, as inputs. By learning the
complex patterns associated with the visual and numerical data, the model can infer disk
speed and thereby provide an indirect but effective estimate of powder flow behavior.
Deviations between predicted and actual disk speed values are used to identify feeding
anomalies in real time, allowing early intervention to maintain process stability. The best
model was trained over the 4–16% disk speed range and achieved a Mean Absolute
Error (MAE) of 0.257 in z-score units (approximately 0.12% disk speed error) and a
coefficient of determination (R²) of 0.9892 on the test set, while maintaining real-time
prediction capability with an average inference time of 7 ms per sample. Comparative
tests showed that side-view images alone yielded the best performance (MAE ~0.06%),
and Grad-CAM visualizations confirmed the model’s focus on physically meaningful
image regions such as the powder stream and melt pool. This approach enables not
only predictive monitoring but also provides real-time information to support operational
decision-making. The proposed system offers a scalable and intelligent solution for en-
hancing process reliability in EHLA, aligning with the goals of Industry 4.0 by promoting
automation, sustainability, and high-efficiency manufacturing.

Keywords: Additive Manufacturing. EHLA. Machine Learning. Real-Time Monitoring.
Convolutional Neural Networks.



RESUMO

A Deposição a Laser de Material (LMD) e sua variante de alta velocidade, a Deposi-
ção a Laser de Material em Velocidade Extrema (EHLA), são processos avançados
desenvolvidos para melhorar a eficiência e a qualidade de revestimentos superficiais e
reparos de componentes. A EHLA, em particular, permite a aplicação de camadas me-
talurgicamente unidas com alta precisão e baixo aporte térmico, sendo adequada para
revestir grandes superfícies de forma rápida e eficiente. No entanto, as inconsistências
na alimentação de pó, causadas por fatores como entupimento do bico, aglomeração
de pó ou variações ambientais, podem levar a defeitos, desperdício de material e tempo
de inatividade do sistema. Os sistemas de monitoramento convencionais geralmente
não têm a capacidade de resposta e a precisão necessárias para a detecção de ano-
malias em tempo real. Esta tese propõe um sistema de monitoramento baseado em
aprendizado de máquina projetado para estimar o fluxo de massa de pó durante o
processo de EHLA. O sistema aproveita uma rede neural convolucional (CNN) baseada
em encoders EfficientNet-B1, treinada para prever a velocidade do disco do alimentador
de pó, que é experimentalmente correlacionada com o fluxo de massa de pó por meio
de medições de peso obtidas usando uma balança de precisão. O modelo recebe
imagens sincronizadas de câmeras coaxiais e de visão lateral, juntamente com dados
de taxa de fluxo de gás de transporte, como entradas. Ao aprender os padrões com-
plexos associados aos dados visuais e numéricos, o modelo pode inferir a velocidade
do disco e, assim, fornecer uma estimativa indireta, mas eficaz, do comportamento
do fluxo de pó. Os desvios entre os valores previstos e reais da velocidade do disco
são usados para identificar anomalias de alimentação em tempo real, permitindo a
intervenção precoce para manter a estabilidade do processo. O melhor modelo foi
treinado na faixa de velocidade do disco de 4% a 16% e obteve um erro médio absoluto
(MAE) de 0,257 em z-score (aproximadamente 0,12% de erro na velocidade do disco)
e um coeficiente de determinação (R²) de 0,9892 no conjunto de teste, mantendo a
capacidade de previsão em tempo real com um tempo médio de inferência de 7 ms
por amostra. Testes comparativos mostraram que as imagens de visão lateral sozinhas
produziram o melhor desempenho (MAE ~0,06%), e as visualizações do Grad-CAM
confirmaram o foco do modelo em regiões de imagem fisicamente significativas, como
o fluxo de pó e a poça de fusão. Essa abordagem permite não apenas o monitoramento
preditivo, mas também fornece informações em tempo real para a tomada de decisão
operacional. O sistema proposto oferece uma solução inteligente e escalável para
aumentar a confiabilidade do processo EHLA, alinhando-se às metas da Indústria 4.0
ao promover a automação, a sustentabilidade e a fabricação de alta eficiência.

Palavras-chave: Manufatura aditiva. EHLA. Aprendizado de máquina. Monitoramento
em tempo real. Redes neurais convolucionais.
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1 INTRODUCTION

Laser Material Deposition (LMD) and Extreme High-Speed Laser Material

Deposition (EHLA) are advanced manufacturing processes developed to increase the

ef�ciency and quality of surface coatings and component repairs. EHLA, in particular,

enables the application of metallurgically bonded layers with high precision and minimal

heat input, making it suitable for coating large surfaces quickly and ef�ciently. These

processes have shown signi�cant industrial relevance, including applications in corrosion

and wear protection, and the repair of heat-sensitive components (SCHOPPHOVEN;

GASSER; BACKES, 2017). Despite their bene�ts, these processes are highly sensitive

to variations in powder �ow consistency, which can result in defects, increased material

waste, and costly equipment downtime (BONIN et al., 2023). These challenges are

often intensi�ed by process instabilities and inconsistencies in powder delivery, which

remain dif�cult to monitor using conventional systems. (BONIN et al., 2023).

The integration of machine learning (ML) into powder-based manufacturing

processes offers transformative potential to address these issues. By leveraging real-

time data from visual sensors and numeric process parameters, ML-based systems

enable predictive maintenance and anomaly detection. Bonin et al. (2023) demonstrated

that such systems could accurately predict clogging events and powder �ow variations,

reducing downtime and enhancing process reliability.

Aligning with the principles of Industry 4.0, which emphasize automation

and data-driven decision-making, these advancements represent a signi�cant step

forward in manufacturing sustainability and ef�ciency. Integrating ML-driven sensors

with traditional powder delivery systems not only improves quality and reduces waste but

also ensures adaptability to dynamic manufacturing conditions. This research builds on

these innovations to design an intelligent sensor system that integrates multi-modal data

for real-time anomaly detection, laying the groundwork for smarter and more sustainable

industrial applications.

1.1 Justi�cations

In directed energy deposition processes, such as LMD and EHLA, ensuring

a consistent mass �ow is crucial to achieving high-quality results. Variations in powder

behavior caused by clogging, leakage, or uneven distribution can lead to defects, mate-

rial waste, increased production costs, and equipment downtime. Current monitoring

systems lack the precision and real-time capabilities needed to detect these issues

before they impact the process. (BONIN et al., 2023)

The aim of this work is to develop an intelligent sensor system that integrates

cameras, numerical features, and machine learning to predict variations in mass �ow in
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real time. The synchronization of numerical data, such as �ow rates, with high-speed

camera images enables advanced analyses. Preprocessing techniques, including data

normalization and visual feature extraction (such as edge detection and texture analysis),

ensure compatibility between modalities.

Machine learning models, including convolutional neural networks (CNNs)

for image-based inputs and fully connected layers for numerical features, are employed

to capture patterns indicative of mass �ow anomalies. The models are evaluated using

standard regression metrics such as Mean Absolute Error (MAE), Mean Squared Error

(MSE), Root Mean Square Error (RMSE), and the coef�cient of determination (R ²),

ensuring robust assessment of predictive performance.

This approach allows for early detection of issues such as clogging or uneven

distribution by combining visual information with numerical trends to recognize subtle

patterns that would otherwise be overlooked. The robust integration of multimodal data,

together with advanced analytical techniques, provides an effective solution for real-

time monitoring and optimization of the process. Additionally, the system contributes to

sustainability by reducing waste and establishes a new paradigm for applying machine

learning in predictive manufacturing.

1.2 Problem De�nition

Despite the critical role of powder mass �ow in processes like EHLA and LMD,

current monitoring methods remain inadequate for detecting early signs of disruption

during operation. Many of these systems lack the sensitivity, temporal resolution, or

integration with other process variables required for effective real-time diagnostics. As a

result, subtle variations in powder delivery, caused by factors like clogging, environmental

instability, or non-uniform distribution, often go unnoticed until visible defects or system

failures occur.

Traditional monitoring approaches tend to rely on binary fault detection or

isolated sensor readings, which limits their ability to anticipate process deviations. As

highlighted by Bonin et al. (2023), these systems are not capable of predictive monitoring

and thus fail to proactively prevent quality losses. There is a clear need for intelligent

solutions that combine visual data and process parameters to recognize early indicators

of mass �ow anomalies. Addressing this gap is crucial to improving reliability, reducing

waste, and ensuring stability in high-speed additive manufacturing.

Figure 1 illustrates a real example of nozzle clogging observed, where powder

residue partially obstructs the outlet and compromises �ow stability.
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Figure 1 – View of the nozzle showing signs of clogging at the exit. Such obstructions can
compromise powder �ow and deposition stability.

Source: The Author (2025).

1.3 General Objective

To develop and implement a smart sensor system that uses machine learn-

ing, camera-based visual data, and numeric process features to enable the real-time

prediction of mass �ow variations, with the goal of preventing clogging events and

ensuring consistent powder feeding during laser deposition processes.

1.4 Speci�c Objectives

The speci�c objectives of this work are outlined as follows:

a) To design and integrate a smart sensor system capable of combining

camera-based visual data and critical numerical features, such as carrier

gas �ow and disk speed, in a uni�ed framework, ensuring comprehensive

monitoring of powder �ow behavior;

b) To develop a machine learning model for analyzing multi-modal data

streams to predict clogging events and mass �ow variations in real time,

with a target MAE < 0,3 in z-score and R² > 0,7;

c) To validate the system under well-illuminated environmental conditions,

using wavelength-speci�c illumination and optical �lters to ensure high-

contrast, sharp image acquisition for robust prediction performance;

d) To explore and compare different input con�gurations (e.g., using side

images, coaxial images, and gas �ow individually and in combination),
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assessing their impact on model performance and computational cost;

e) To perform Grad-CAM-based visual interpretation to understand which

regions of the input images contribute most to the model's decisions,

ensuring that predictions are based on physically meaningful features;

f) To evaluate the model's ability to interpolate untrained conditions by

removing speci�c disk speed steps from the training set and analyzing

how the model generalizes to those regions;

g) To assess the system's overall performance in terms of prediction accu-

racy, response time, and its ability to enhance process reliability, reduce

waste, and optimize material usage;
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2 STATE OF THE ART

This chapter explores the current state of LMD and EHLA techniques, powder

�ow monitoring methods, as well as machine learning and neural networks.

2.1 Process

Additive Manufacturing (AM) encompasses a diverse range of technologies

that enable the layer-by-layer fabrication of components, as categorized by the ASTM

F2792 standard. This classi�cation divides AM into seven primary groups, which include

Directed Energy Deposition (DED). (ASTM, 2012)

2.1.1 Directed Energy Deposition

Directed Energy Deposition (DED) refers to a family of additive manufacturing

processes that use a focused energy source, such as a laser, plasma arc, or electron

beam, to melt and deposit material layer by layer (DASS; MORIDI, 2019). DED stands

out for its capacity to deposit metals in various forms, such as powder or wire, directly

onto existing surfaces or as new components. Its industrial relevance lies in its versatility,

enabling applications such as the repair, reinforcement, and coating of high-value parts.

Sectors like aerospace, energy, and manufacturing particularly bene�t from DED due to

its precision, material ef�ciency, and ability to handle large-scale parts (ASTM, 2012).

2.1.2 Laser Material Deposition

Among the laser-based DED processes, Laser Material Deposition (LMD) is

a well-established technique used for coating and repair applications. LMD employs a

laser beam to generate a melt pool on the substrate surface, into which metal powder

is injected, creating a metallurgical bond between layers (SCHOPPHOVEN; GASSER;

BACKES, 2017). According to Schopphoven, Gasser e Backes (2017), the process

typically achieves coating thicknesses between 0.5 and 1 mm and is suitable for repairing

components and enhancing wear and corrosion resistance. However, LMD coatings are

often too thick for certain applications, and the high heat input results in relatively large

heat-affected zones (HAZ), making it less ef�cient for thin or highly dynamic components

(SCHOPPHOVEN; GASSER; BACKES, 2017).

Figure 2 illustrates the conventional LMD process. On the left side of the

image, the powder particles are shown melting onto the surface, leading to a higher

heat input and resulting in a larger HAZ. On the right side, the image highlights the

melt pool, the substrate, and the dilution zone, clearly illustrating the areas where the

material interacts with the base surface and where deposition occurs.
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Figure 2 – Conventional LMD

Source: Schopphoven, Gasser e Backes (2017).

2.1.3 Extreme High-Speed Laser Material Deposition

To eliminate the drawbacks of conventional LMD techniques, researchers at

Fraunhofer ILT and RWTH Aachen developed the Extreme High-Speed Laser Material

Deposition process (EHLA), which offers a more economical solution. EHLA increases

the deposition speed from 0.5–2 m/min in LMD to 50–500 m/min, enabling coatings

that are 100 to 250 times faster than conventional LMD. Additionally, the heat-affected

zone is reduced from 500–1000 µm to just 5–10 µm, minimizing thermal damage to the

substrate. (SCHOPPHOVEN; GASSER; BACKES, 2017)

EHLA introduces a signi�cant innovation by melting the powder particles

above the melt pool, allowing the production of thin layers between 25 and 250 µm with

minimal heat input. These features make EHLA ideal for corrosion and wear protection

on large-scale components and heat-sensitive substrates, such as aluminum base

alloys or cast iron. Some companies are already using this new process, such as the

Dutch �rm IHC Vremac Cylinders BV. They use EHLA to coat their hydraulic cylinders,

which exhibit a diameter of up to �fty centimeters and a length up to ten meters, for

offshore applications. By overcoming the speed and thermal limitations of LMD, EHLA

has opened new possibilities for high-precision coatings and sustainable manufacturing.

(SCHOPPHOVEN; GASSER; BACKES, 2017)

Figure 3 illustrates the EHLA process. On the left side of the image, the

powder particles are seen melting above the component surface. This reduces the laser

radiation required on the substrate, since the particles are already molten upon impact.

As a result, the process eliminates the need for the additional time increment to remelt

particles in the melt pool, allowing for faster processing, reduced energy input, and a

smaller heat-affected zone compared to the conventional LMD process. On the right
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side, the image highlights the melt pool, the substrate, and the dilution zone, showing

the areas where the material interacts with the base surface and where deposition

occurs. The contrast between the two processes is evident, with EHLA demonstrating a

more controlled deposition and reduced thermal impact on the substrate.

Figure 3 – Extreme High-Speed LMD

Source: Schopphoven, Gasser e Backes (2017).

The choice of LMD and EHLA is motivated by their complementary strengths.

LMD provides high precision, making it ideal for intricate repairs and coatings requiring

detailed control. Conversely, EHLA's high-speed capabilities allow for the ef�cient

processing of large surfaces or high-volume tasks while maintaining excellent layer

quality. Together, these technologies represent a transformative advancement in additive

manufacturing, addressing diverse industrial needs, from micro-scale precision to macro-

scale production.

2.2 In-situ Monitoring and Data-driven Modeling in Laser Deposition Processes

Reliable monitoring of powder mass �ow is essential for ensuring consistent

material deposition in DED processes, particularly in techniques like LMD and EHLA.

Various methods have been developed to estimate or measure the powder �ow rate

during operation, though most still present limitations in terms of sampling frequency,

robustness, or integration with the process environment.

The lack of advanced, real-time monitoring solutions capable of integrating

visual data (e.g., camera footage) with numeric process parameters (e.g., gas �ow

rate, pressure, and feed rate) exacerbates the problem, limiting the ability to detect and

prevent deviations proactively. Bonin et al. (2023) emphasize that traditional detection

methods are insuf�cient for identifying subtle anomalies in powder delivery systems,

as they often rely on binary fault detection rather than predictive monitoring. This
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limitation restricts their ability to address issues preemptively in dynamic manufacturing

environments. Similarly, Tang et al. (2008) outline several existing approaches for

monitoring powder �ow rates, each with signi�cant drawbacks. One such method

involves weight-loss metering systems, which suffer from low sampling frequencies

(e.g., 10 Hz), making them unsuitable for real-time applications. Optoelectronic sensors,

though promising in theory, fail under the thermal and spatial constraints near the nozzle.

Pressure-based approaches, in turn, are often system-speci�c and dif�cult to generalize

(TANG et al., 2008).

These limitations underscore the importance of developing data-driven and

sensor-integrated solutions capable of interpreting process behavior in real time. Recent

advances in machine learning have enabled more robust and adaptive monitoring

systems for laser-based deposition processes. In particular, the combination of visual

sensing and operational parameters has demonstrated promising results in predicting

process outcomes and enhancing monitoring accuracy in laser deposition processes.

Perani et al. (2023) propose a deep learning framework that combines coaxial

melt pool images with scalar process parameters (e.g., power and speed) to predict

the geometry of the deposited track in LMD. Their convolutional architecture integrates

visual features and numerical inputs to estimate width, height, and cross-sectional area

in real time. This approach demonstrates the effectiveness of multimodal data fusion for

on-line geometry prediction, reinforcing the feasibility of using similar models for powder

�ow estimation.

Similarly, Dong et al. (2023) developed a multi-mode convolutional neural

network (M-CNN) composed of a ResNet18-based CNN and a fully connected network

to predict the geometry of deposited tracks. Their model combines molten pool images,

temperature data, and process parameters (e.g., laser power, scanning speed) to

estimate width, height, and cross-sectional area. As stated in the paper, "the M-CNN [...]

used deposition images, temperature and process parameters as inputs to predict the

deposited layer sizes" (DONG et al., 2023, p. 791). Their results con�rm that multimodal

data fusion signi�cantly improves prediction accuracy, highlighting the relevance of

visual and scalar features for real-time process monitoring in LMD.

In another contribution, Zeníšek et al. (2022) proposed the use of virtual sen-

sors to approximate the behavior of physical sensors through machine learning models.

As explained in their work, “The idea behind this concept is to create a data-based

model, using machine learning algorithms, which approximates a certain physically

available sensor, by using other data recordings as input features.” This aligns closely

with the concept of using coaxial imaging and scalar process parameters to infer latent

variables such as powder mass �ow, where direct measurements may be challenging or

unreliable.



Chapter 2. State of the Art 24

From a system architecture perspective, Ban� et al. (2022) proposed the

Ground Control framework, a monitoring and control system for LMD that enables

synchronized acquisition of multimodal data, including melt pool images, temperature,

and machine signals, and stores them in a structured database to support process

analysis and machine learning predictive models. In a similar way, this work combines

timestamp-synchronized coaxial and lateral images with carrier gas �ow data to estimate

powder mass �ow using a convolutional neural network. With an average prediction time

of 7 ms, the system demonstrates the feasibility of real-time monitoring in high-speed

laser deposition processes.

While this research focuses on visual and scalar data for continuous process

monitoring, other sensor modalities have also been explored for in-situ analysis in

laser-based additive manufacturing. For instance, Chen et al. (2023) employed acoustic

signals in combination with a convolutional neural network to detect speci�c defects

such as cracks and keyhole pores in LDED. Their system integrates signal denoising,

feature extraction in time, frequency, and cepstral domains, and MFCC-based CNN

classi�cation. Although focused on discrete defect detection rather than continuous

monitoring, the study highlights how alternative sensing modalities can be effectively

used in real-time environments, reinforcing the versatility of deep learning frameworks

for laser deposition processes.

These studies collectively reinforce the potential of real-time, in-situ monitor-

ing in laser deposition processes through the integration of multimodal sensor data and

deep learning. By combining visual information with process parameters and leveraging

synchronized data streams, such approaches enable more responsive and informed

process supervision. This context supports the proposed framework, which leverages

synchronized multimodal data and deep learning to estimate powder mass �ow with

high temporal resolution, advancing the development of intelligent, in-situ monitoring

systems for laser-based additive manufacturing.

2.3 Machine Learning and Neural Networks

2.3.1 Overview of Machine Learning

"A machine learning algorithm is an algorithm that is able to learn from data."

(GOODFELLOW; BENGIO; COURVILLE, 2016, p. 97). "Machine learning algorithms

can be broadly categorized as unsupervised or supervised by what kind of experience

they are allowed to have during the learning process." (GOODFELLOW; BENGIO;

COURVILLE, 2016, p. 102). These learning paradigms form the foundation of more

advanced techniques, including Arti�cial Neural Networks (ANNs) and Convolutional

Neural Networks (CNNs) (GOODFELLOW; BENGIO; COURVILLE, 2016).
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2.3.2 Supervised Learning

Supervised learning involves training a model using labeled datasets, where

each input corresponds to a known output. The goal is to learn a mapping function that

minimizes errors in prediction for unseen data. This technique is particularly effective for

tasks such as image classi�cation, speech recognition, and natural language process-

ing. Models like linear regression, support vector machines, and neural networks are

commonly employed in supervised learning. (GOODFELLOW; BENGIO; COURVILLE,

2016; BISHOP, 2006)

In the context of powder-based additive manufacturing, supervised learning

can be applied to predict operational variables that are directly linked to powder �ow

behavior. In this study, a regression model was developed to estimate the disk speed, a

parameter that correlates strongly with mass �ow, based on high-speed process images

and the carrier gas �ow rate. By learning from historical data, the model captures the

underlying dynamics of the deposition system. Deviations between predicted and actual

disk speed values may reveal indirect evidence of process anomalies such as partial

clogging, powder leakage, or irregular feeding conditions. For example, if the system is

expected to deliver 15 g/min and the predicted value suddenly drops to 12 g/min under

otherwise stable conditions, this may suggest an obstruction or system leakage. Rather

than relying on binary labels (e.g., “normal” or “anomalous”), this approach provides

a more nuanced, data-driven mechanism for real-time process monitoring and early

anomaly detection.

2.3.3 Neural Networks

Arti�cial Neural Networks (ANNs) are computational systems designed to

mimic the functioning of biological nervous systems, such as the human brain. These

networks are composed of numerous interconnected computational units, commonly

referred to as neurons, which collaborate in a distributed manner to process input data

and optimize the �nal output. This process of optimization, known as learning, is central

to how ANNs operate. (O'SHEA; NASH, 2015)

The basic structure of an ANN, illustrated in Figure 4, consists of three main

types of layers: input, hidden, and output. The input layer is the �rst stage of the network,

where data is introduced, each node corresponds to a speci�c input feature (e.g., Input

1, Input 2, etc.), and in this case, the network accepts four features. The hidden layer

processes these inputs using weighted connections and non-linear activation functions:

each node combines the signals it receives, applies a transformation, and adjusts its

internal parameters to learn patterns or relationships in the data. Arrows between nodes

indicate the �ow of information through the network, with each connection having an

associated weight that determines the strength of in�uence between nodes. These
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weights are re�ned iteratively during training through gradient-based optimization. The

output layer produces the network's �nal result, represented here by a single output

node, indicating a scalar output for tasks such as regression. When multiple hidden

layers are stacked between the input and output layers, the model becomes a deep

neural network and is said to engage in deep learning. (O'SHEA; NASH, 2015)

Figure 4 – Basic Arti�cial Neural Network (ANN) architecture with three distinct layers

Source: O'Shea e Nash (2015).

2.3.4 Fundamentals of Learning in Neural Networks

The learning process in neural networks is grounded in core mathematical

principles that allow the model to adjust its internal parameters in response to data. One

of the foundational concepts is the perceptron, introduced by Rosenblatt (1958) and

further elaborated in modern deep learning literature by Goodfellow, Bengio e Courville

(2016). It models a single neuron that takes multiple inputs, applies weights, adds a

bias, and processes the result through an activation function. The output of a perceptron

is determined by the weighted sum of inputs and the applied nonlinear activation, such

as the sigmoid, tanh, or ReLU (Recti�ed Linear Unit) functions. These nonlinearities

are essential for enabling networks to approximate complex, non-linear relationships

that linear models cannot capture. (ROSENBLATT, 1958; GOODFELLOW; BENGIO;

COURVILLE, 2016)

Once a network is de�ned, it must be trained to perform a speci�c task, such

as regression or classi�cation. This is accomplished through supervised learning, where

the model iteratively adjusts its parameters based on the discrepancy between the

predicted outputs and the ground truth labels. This discrepancy is quanti�ed by a loss

function, such as mean squared error (MSE) for regression tasks or cross-entropy for

classi�cation. (GOODFELLOW; BENGIO; COURVILLE, 2016)
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The mechanism by which neural networks learn is known as backpropaga-

tion, an algorithm that applies the chain rule to compute how each parameter in the

network in�uences the loss function. This is done by propagating the loss gradients

backward through the layers, allowing the model to update each parameter based on

its contribution to the total error. These gradients are then used in conjunction with

gradient descent, an optimization method that adjusts the parameters in the direction

that minimizes the loss function. (GOODFELLOW; BENGIO; COURVILLE, 2016, p. 199-

208, p. 274-276) A commonly used didactic form of the weight update rule in gradient

descent is:

wt+1 = wt � � �
@L
@w

(1)

Where � is the learning rate, a hyperparameter that controls the step size of each

update, and @L
@w is the gradient of the loss L with respect to the parameter w. While this

is a simpli�ed form, it re�ects the core idea of the general gradient-based update rule

presented by Goodfellow, Bengio e Courville (2016, p. 276).

�  � � � r � J (� ) (2)

Choosing an appropriate learning rate is critical for the effectiveness of train-

ing. As Goodfellow, Bengio e Courville (2016, p. 278) explain, if the learning rate is too

low, learning proceeds slowly or may become stuck with a high-cost value. On the other

hand, overly large learning rates can lead to unstable updates and divergence during

training, particularly in deep architectures. (GOODFELLOW; BENGIO; COURVILLE,

2016)

Several enhancements to basic gradient descent have been developed to

improve performance and convergence, including momentum, RMSProp, and Adam

optimizers. These methods dynamically adjust the learning step or incorporate memory

of previous updates to better navigate complex loss surfaces and escape local minima.

(GOODFELLOW; BENGIO; COURVILLE, 2016)

Together, these mechanisms form the foundation of learning in neural net-

works, enabling models to generalize from training data and capture complex dependen-

cies, which are essential for tasks like mass �ow estimation and powder feed monitoring

in advanced manufacturing processes.

2.3.4.1 Gradient Descent and Backpropagation

Once the loss function has been de�ned for a neural network, the process of

minimizing it relies primarily on two complementary mechanisms: gradient descent and

backpropagation.
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The gradient descent algorithm is an optimization method that minimizes

a loss function L(� ), where � represents the parameters of the model. The algorithm

computes the gradient r � L, which points in the direction of greatest increase in the loss

and then updates the parameters in the opposite direction. (GOODFELLOW; BENGIO;

COURVILLE, 2016)

Figure 5 illustrates the conceptual idea of gradient descent descending a

loss landscape toward a local minimum.

Figure 5 – Gradient descent descending a loss landscape toward a local minimum

Source: The Author.

Backpropagation complements this process by ef�ciently computing the

partial derivatives of the loss function with respect to all weights in the network. It does

so by applying the chain rule of calculus recursively, starting from the output layer

and propagating backward through the hidden layers. This makes it computationally

feasible to train deep networks with millions of parameters. (GOODFELLOW; BENGIO;

COURVILLE, 2016)

In each training iteration, the following steps occur:

1. Forward pass: the input propagates through the network, generating a prediction.

2. Loss computation: the output is compared to the ground truth using a loss function.

3. Backward pass: the gradients of the loss with respect to each parameter are

computed via backpropagation.

4. Parameter update: weights and biases are updated using gradient descent.

Different variants of gradient descent exist to enhance convergence and

generalization. These include:
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• Stochastic Gradient Descent (SGD): updates using one sample at a time.

• Mini-batch Gradient Descent: updates using small batches, balancing speed and

stability.

• Adaptive methods (e.g., Adam): adjust learning rates for each parameter during

training, often leading to faster convergence and better generalization in practice

(GOODFELLOW; BENGIO; COURVILLE, 2016, p. 311-313).

While gradient descent may converge to local minima or saddle points, em-

pirical evidence suggests that these often yield acceptable generalization performance

in deep networks (GOODFELLOW; BENGIO; COURVILLE, 2016, p. 300-304).

2.3.5 Convolutional Neural Networks (CNNs)

CNNs share similarities with traditional ANNs in that they consist of neurons

that self-optimize through learning. Each neuron processes inputs and applies opera-

tions like scalar products and non-linear functions, which are the foundation of countless

ANN architectures (Haykin, 2008). From the raw input image vectors to the �nal output

(e.g., class scores), CNNs operate as end-to-end systems that optimize weights and

minimize associated loss functions (GOODFELLOW; BENGIO; COURVILLE, 2016).

The distinguishing feature of CNNs lies in their suitability for pattern recog-

nition within images. Krizhevsky, Sutskever e Hinton (2012) describe their network as

comprising “�ve convolutional layers, some of which are followed by max-pooling layers,

and three fully-connected layers,” featuring “60 million parameters and 650,000 neurons.”

Unlike traditional ANNs, the architecture of CNNs, with its specialized convolutional

layers, inherently encodes image-speci�c features. This design signi�cantly reduces the

number of parameters; indeed, the authors note that “compared to standard feedforward

neural networks with similarly-sized layers, CNNs have much fewer connections and

parameters and so they are easier to train,” making them highly ef�cient and well-suited

for large-scale image classi�cation tasks. Furthermore, CNNs, as highlighted by LeCun,

Bengio e Hinton (2015), have brought about breakthroughs in processing images, video,

speech, and audio, cementing their role as a cornerstone in modern computer vision

tasks.

CNN architecture

A typical CNN alternates between convolutional and pooling layers before

feeding the data into one or more fully connected layers. This hierarchical structure

progressively abstracts features from low-level edges to high-level patterns, as depicted

in simpli�ed diagrams (O'SHEA; NASH, 2015, p. 5).

Figure 6 illustrates a simple CNN architecture, consisting of three main types

of layers, convolutional layers, pooling layers, and fully connected layers, that work
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together to process image data. These layers are typically stacked to form the CNN

architecture.

Figure 6 – A simple CNN architecture, comprised of just �ve layers

Source: O'Shea e Nash (2015).

Convolutional layers

The convolutional layer is the cornerstone of CNNs. It applies learnable �lters

(kernels) to local regions of the input, generating activation maps that highlight speci�c

features such as edges, textures, or patterns. The local connectivity of convolutional

layers enables a reduction in the number of trainable parameters compared to fully

connected layers, making CNNs computationally ef�cient (LECUN et al., 1998; O'SHEA;

NASH, 2015). The process of convolution allows the network to detect spatial hierarchies,

which are critical for image classi�cation tasks.

In Figure 7, a visual representation of a convolutional layer can be seen. The

center element of the kernel is placed over the input vector, of which is then calculated

and replaced with a weighted sum of itself and any nearby pixels.

Figure 7 – A visual representation of a convolutional layer

Source: O'Shea e Nash (2015).
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Pooling Layers

Pooling layers reduce the spatial dimensions of activation maps, preserving

the most important features while lowering computational demands. Max-pooling, the

most common approach, selects the maximum value within a region to downsample the

data. By reducing the resolution, pooling layers also help prevent over�tting, a common

issue in deep networks. (LECUN et al., 1998; O'SHEA; NASH, 2015)

Fully Connected Layers

Fully connected layers aggregate features extracted from previous layers to

perform high-level reasoning, such as classi�cation. These layers connect every neuron

from the preceding layer to produce output probabilities for different classes. Functions

like ReLU (Recti�ed Linear Unit) or softmax are typically applied to improve performance

and ensure the outputs are interpretable as probabilities. (O'SHEA; NASH, 2015)

2.4 Gradient-weighted Class Activation Mapping (Grad-CAM)

Gradient-weighted Class Activation Mapping (Grad-CAM) is a widely used

technique for visualizing and interpreting the decision-making process of CNNs. Pro-

posed by SELVARAJU (2017), Grad-CAM generates visual explanations by computing

the gradient of the output class score with respect to the feature maps of a convolutional

layer. These gradients are used to produce a coarse localization map, highlighting the re-

gions in the input image that are most in�uential for the model's prediction (SELVARAJU,

2017).

The Grad-CAM process involves three main steps: (1) compute the gradient

of the class score with respect to the feature maps, (2) apply global average pooling to

generate importance weights for each feature map, and (3) produce a weighted sum of

the feature maps followed by a ReLU activation to obtain the �nal heatmap.

This technique is particularly useful for debugging CNNs, verifying whether

the model focuses on meaningful regions, and increasing transparency in decision-

making. In manufacturing applications, Grad-CAM can help assess whether the model

correctly focuses on the melt pool and powder stream, or is distracted by noise or

background elements.

To better understand how Grad-CAM highlights class-discriminative regions,

Figure 8 shows an illustrative example adapted from SELVARAJU (2017). The original

image contains both a cat and a dog. The corresponding Grad-CAM visualizations for

each class demonstrate how the network attends to different regions depending on the

predicted label.
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Figure 8 – Grad-CAM class-discriminative localization. (a) Original image. (b) Grad-CAM heatmap
for the class "dog". (c) Grad-CAM heatmap for the class "cat".

Source: Adapted from SELVARAJU (2017).

Extensions such as Grad-CAM++, proposed by CHATTOPADHYAY (2018),

and Guided Grad-CAM combine this approach with other gradient-based methods to

provide �ner-grained visualizations and improved localization, particularly in multi-object

scenes.

2.5 Ludwig AI

Ludwig AI is an open-source, declarative machine learning framework de-

signed to simplify work�ows by enabling users to develop and deploy deep learning

models without extensive coding. The framework allows users to de�ne machine learn-

ing pipelines using YAML con�guration �les, making it accessible even to those with

limited programming expertise. Ludwig supports tasks such as natural language pro-

cessing, computer vision, and multimodal learning, bridging simplicity and advanced

functionality. (LUDWIG AI, 2024b; LUDWIG AI, 2024a)

A relevant application of multimodal deep learning in industrial contexts is

exempli�ed by the work of Bauer et al. (2023), who combined thermal images and

camera images to monitor the quality of 3D printing processes in additive manufacturing.

Their approach involved fusing heterogeneous data sources, thermal sensor data and

RGB visual data, using a deep learning model to detect defects and ensure print

quality. Although frameworks like Ludwig AI are not explicitly cited, their declarative and

multimodal architecture would be highly suited for replicating such experimental setups.

This study demonstrates the value of multimodal approaches in complex industrial

environments, emphasizing the need for robust data integration strategies.

Similarly, Ludwig's multimodal learning framework has signi�cant potential in

powder-based additive manufacturing. The ability to combine image data from cameras

with numeric features aligns closely with Ludwig's design principles. By leveraging

its declarative approach and �exibility, it is possible to create robust models capable

of predicting critical phenomena such as clogging events or mass �ow variations,

showcasing its adaptability to industrial contexts.
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3 METHODOLOGY

This chapter describes the methodology adopted for the development and

validation of the smart sensor system. Section 3.1 provides an overview of the general

approach. Section 3.2 presents the experimental setup. Section 3.3 describes the

data acquisition and preparation steps, including labeling and preprocessing. Finally,

Section 3.4 outlines the model training and evaluation process, and discusses the

potential for real-time integration with the EHLA process.

3.1 Methodology Overview

This research aims to develop and implement an intelligent sensor system

capable of real-time prediction of mass �ow variations during the EHLA process. The

goal is to integrate machine learning, high-speed visual data, and numerical process

parameters to anticipate clogging events and ensure consistency in powder-based

deposition.

The study is classi�ed as applied and experimental research, as it involves

practical testing and applies theoretical concepts, speci�cally CNNs, to an industrial

process. Data collection was carried out through experiments involving the acquisition

of coaxial and side images using high-speed cameras (200 and 520 fps), combined

with powerful LED illumination and optical �lters. This setup was designed to accurately

capture the process features, such as the powder cone and the melt pool.

The tools and technologies employed include the Ludwig AI framework, built

on top of PyTorch, which simpli�es the development and training of machine learning

models by relying on con�guration �les and structured datasets. Image acquisition and

processing were performed using Python on a workstation equipped with a Linux Ubuntu

system, Intel Xeon processor, RTX 3070 GPU (8GB VRAM), and 64 GB RAM. Additional

equipment included a high-intensity 634 nm LED light source, 650 nm bandpass optical

�lters, Basler industrial cameras, a Fanuc 31i-B5 CNC controller, and a Metco Twin 150

powder feeder.

Data analysis relies on image processing and deep learning techniques.

CNNs are trained to recognize visual patterns associated with different mass �ow

conditions. The choice of methods is based on the ability of high-speed cameras to

capture �ne details of the process, as well as the ef�ciency of Ludwig AI in facilitating

the development pipeline without extensive manual coding.

It is important to note that this research serves as a proof of concept. The

models were trained using data acquired under speci�c experimental conditions. Varia-

tions in camera positioning, lighting, and environmental factors can signi�cantly affect

the quality and generalizability of the results. Further experiments under diverse con-
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ditions would be required to improve the robustness and applicability of the proposed

system.

3.2 Experimental Environment

The EHLA setup (Figure 9) consists of several key components essential

for the process. It includes a CNC motion system, a laser source, an optical system, a

powder feeder, and a deposition nozzle. High-speed side and coaxial cameras were

integrated into the system to enable synchronized image acquisition during the experi-

ments.

Figure 9 – EHLA Setup

Source: Adapted from OERLIKON (2025), TRUMPF (2025), HORNET (2025), and FRAUNHOFER ILT
(2024).

The CNC machine (Hornet Laser Cladding EHLA-Clad) was equipped with a

Fanuc Series 30i Model B5 controller and operated with a 4-axis con�guration, enabling

precise movement and substrate rotation. The powder was delivered using the Oerlikon

Twin 150 feeder, which controls mass �ow through a dosing disk mechanism. A TRUMPF

12 kW �ber laser was used to generate the beam, which was guided to the deposition

area via an optical �ber and focused using a galvo mirror and F-theta lens. Argon gas

was used as both the carrier and shielding gas, ensuring proper powder transport and

melt pool protection.
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High-speed imaging was performed using two Basler industrial cameras,

the acA1440-220um and the acA720-520um. The acA1440-220um offers a resolution

of 1448 × 1088 pixels (1.6 MP) at up to 227 FPS, while the acA720-520um provides

728 × 544 pixels (0.4 MP) at up to 525 FPS. Both models use Sony CMOS sensors and

connect via USB 3.0. These sensors share a peak spectral sensitivity near 600 nm (see

Figure 44 in Annex 5.2), which aligns with the 634 nm illumination and the 630–670 nm

�lter bandwidth used in the setup, ensuring high-quality signal capture in the red

region of the visible spectrum (Figure 45, Annex 5.2). To enhance imaging contrast

and suppress background noise, an optical bandpass �lter (FBH650-40) with a central

wavelength (CWL) of 650 nm and a full width at half maximum (FWHM) of 40 nm was

used. Illumination was provided by a high-intensity 634 nm LED system, selected for

its spectral alignment with both the �lter and camera sensitivity, enabling robust image

acquisition under thermal process conditions.

3.2.1 Sensor Positioning

To support image acquisition and ensure consistent visual monitoring of the

EHLA process, the relative positioning of sensors and illumination was carefully de�ned.

Figure 10 shows the actual machine setup, including the �nal layout of the sensor and

illumination system used during data collection.

Figure 10 – Machine setup used for data acquisition

Source: The Author.

In this con�guration, the coaxial camera is aligned with the laser beam path,

positioned directly above the melt pool to capture the interaction zone from a top-down

perspective. The side-view camera is mounted laterally, angled to capture the powder
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jet and its interaction with the laser beam. The LED illumination system is positioned

diagonally, directing light along the axis of the coaxial camera. This orientation enhances

backscattered light capture in the coaxial view while also projecting light toward the

powder-laser interaction zone from the side, thereby improving contrast and powder

visibility in both camera perspectives, even under low powder �ow conditions.

This arrangement was designed to balance the �eld of view, contrast, and

sensitivity across both camera perspectives, while minimizing interference from ambient

light and re�ections.

3.3 Data Acquisition and Preparation

This section describes the experimental setup, materials, acquisition proce-

dures, and dataset construction pipeline used to train and evaluate the CNN model.

3.3.1 Experimental Setup and Materials

The experiments were conducted using the previously described EHLA

system. The deposited material was a 3.50 alloy powder with a particle size distribution

of 20–45 µm, delivered through a dosing groove of 11 mm × 0.6 mm on the rotating

disk. Depositions were performed on 25CrMo4 steel tubes with an outer diameter of

95.5 mm. The imaging and illumination components followed the con�guration detailed

in Section 3.2.

3.3.2 Powder Mass Flow Measurement

To obtain a reference for the actual powder mass �ow rate, a series of

controlled collection tests were conducted. A dedicated collection bottle was positioned

below the powder outlet to capture the material dispensed at different disk speed settings.

For each test, the powder was collected over a �xed time interval using a stopwatch, and

the total mass was measured using a precision scale (Kern PNS 3000-2). The resulting

mass �ow rate (in g/min), shown in Table 1, was calculated by dividing the measured

mass by the elapsed time. This procedure was repeated for multiple disk speed values.

Table 1 – Powder Mass Flow Measurements

Disk speed Scale value

4% 5.45 g

7% 8.65 g

10% 12.40 g

13% 16.08 g

16% 19.75 g
Source: The Author.
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A reference curve relating disk speed (%) to mass �ow (g/min) was then

plotted to visualize this relationship, as shown in Figure 11. Although minor deviations

were observed, the relationship was approximately linear within the operational range

of interest. This curve was used for validation and interpretation of the disk speed

predictions made by the CNN model in later sections.

Figure 11 – Reference curve: disk speed vs. measured powder mass �ow

Source: The Author.

3.3.3 Experimental Protocol and Parameter Selection

The experimental setup underwent iterative re�nement throughout the data

acquisition process to optimize image quality, powder visibility, and parameter coverage.

Initial experiments were designed to explore a broad range of operating conditions and

assess the system's sensitivity to key variables such as disk speed and carrier gas

�ow. However, early results revealed limitations in model performance when trained

on overly broad or visually inconsistent datasets. Consequently, both the acquisition

parameters and the optical setup were progressively adjusted to improve powder stream

visualization and ensure data consistency.

The �nal dataset used for training and evaluation (Week 2) was acquired

under this optimized con�guration. Tables 3 to 6, in the annex section, summarize the

key differences between the �rst and second experimental campaigns.

3.3.3.1 Week 1 – Exploratory Phase

In the �rst campaign, disk speeds ranged from 0% to 100%, with carrier gas

�ow rates between 4 and 16 normal liters per minute (NLPM). These conditions resulted

in powder mass �ow rates of approximately 0–120 g/min. Claddings were performed
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with a width of 5 mm and a travel speed of 0.5 mm/rev, using a �xed laser power of

3000 W and a process speed of 80 m/min.

Due to the high powder concentration, both cameras captured rich visual

data. The side-view camera provided a clear view of the full injection cone (Figure 12a),

while the coaxial view, aligned along the laser axis, focused on the interaction zone but

often suffered from overexposure and glare due to intense backscatter (Figure 12b).

Figure 12 – Week 1 - with illumination and �lters: (a) Side View and (b) Coaxial View

(a) Side View (b) Coaxial View

Source: The Author.

Several lighting setups were tested, including con�gurations without �lters

or external illumination, given the high powder visibility at this stage. However, these

settings led to overexposed images. Figure 13a presents the side view under such

conditions, while Figure 13b shows the corresponding coaxial view.

Figure 13 – Week 1 - without illumination and �lters: (a) Side View and (b) Coaxial View

(a) Side View (b) Coaxial View

Source: The Author.
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