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Abstract

Industries are leveraging the wire laser-beam-directed energy deposition (DED-LB) additive
manufacturing (AM) process to manufacture and repair high-quality, defect-free, and
cost-effective parts. However, expensive, non-easily accessible, and complex metrology
equipment is needed to quantify part-related performance metrics such as cross-sectional
dimensional accuracy and intrinsic defects. This information is necessary for establishing
the operating process window and for the quality characterization of the part. Therefore,
this work presents a methodology that combines information captured from a vision-based
monitoring system with the output of Computed Tomography (CT) towards the knowledge
generation and process optimization of wire DED-LB. The design of experiments as well
as the interpretation of the results are achieved by employing Nested ANOVA where the
dependency of cross-sectional stability on the laser power parameter is demonstrated,
enabling, at the same time, the understanding of unstructured datasets where multiple
parameters vary at different levels. Finally, this work can be the pillar for adopting new
production and part requirements while also giving directions about the effect of control
strategies on the part quality.

Keywords: laser-based DED; wire; additive manufacturing; metrology; process window;
data analysis; part quality; process data; knowledge; control strategies

1. Introduction
Additive manufacturing (AM) processes are being adopted from various industrial

sectors including heavy industries such as automotive, aeronautical, medical, naval, etc., as
well as small–medium enterprises (SMEs), which have identified the potential of expanding
their business opportunities by providing, manufacturing, repair services, and reverse
engineering workflows [1–4]. The latter refers to the manufacturing of parts without relying
on fully detailed 3D CADs which are impossible to find due to either property rights or
discontinued parts.
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1.1. Directed Energy Deposition (DED) Market Adoption

Until recently, the most applied AM processes on the industrial level were polymer-
based processes, which are linked with metal-replacement applications as well as pre-
production steps where functional prototypes, fixtures, and jigs are developed [5–7]. De-
spite this early adoption, improvements in the equipment and the continuously increasing
process knowledge for the layer-by-layer development of AM parts have moved the interest
towards metal processes to create components with a quality similar to those that were
traditionally made with conventional processes [8]. This technology is appealing since it
can create parts with free-form shapes and internal cavities that can be further optimized
following Design for Additive Manufacturing (DfAM) workflows while also being linked
with repair and re-purposing services. Also, when it is compared with the capital costs
that are linked with casting processes, it can provide small batches with significantly lower
costs and production times. The last two application areas of metal AM processes enable
an extended life cycle of parts, providing an alternative to the delays that can be linked
with the supply chain and maintain the productivity at the desired levels, minimizing the
downtime of components such as industrial impellers, molds, blades, etc. [1,9].

Metal AM processes are classified according to the raw material feedstock and its vari-
ation (single material, cored wire metal matrix composite etc.), the machine configuration,
and the heat source [10,11]. These factors directly affect the process mechanism and the
capabilities and limitations of each process. For the development of a functional compo-
nent with metal AM processes, significant engineering background is needed to select the
appropriate process family and the correct process inputs for the studied material as well as
to deliver the optimal output considering the special characteristics and the size of the com-
ponents. The two main processes that belong in the metal AM process family are powder
bed fusion (PBF) and directed energy deposition (DED). In the industrial current state, PBF
processes possess the higher market share due to the mature, monitored, and controllable
equipment that enable the provision of “turnkey” solutions where process-agnostics users
can develop high-quality parts, assuming guidance from the machine maker.

However, by carefully examining new business trends, it can be determined that
most of the machine makers introduce new DED machines in the market, specifically
wire-based systems [12,13]. For almost two decades, the most known DED process was
powder laser-beam DED (DED-LB), also known as laser cladding with various applications
such as coatings, repair of thin geometries, and the development of high-value, medium–
large-scale parts, with complex and detailed features. Nevertheless, the reputation of
such systems drops compared to the wire-based DED systems, Wire Arc DED (WAAM)
and wire DED-LB, due to the emergence of transforming conventional CNC machines to
hybrid systems by retrofitting AM deposition heads. Powder particles may be inserted into
sliders and bearings, creating risks for the proper operation of the equipment. Therefore,
wire-based systems have been promoted to a preferable solution, not only in terms of
compatibility with different machine layouts and robotized systems but also due to the
more affordable hardware and consumables over the years. Wire feedstock is almost five
times cheaper compared to powder, while it can also be found from different suppliers as
it can be the same feedstock with the traditional MIG/TIG welding processes. On top of
that, it can be found in many sizes, being compatible with WAAM and wire DED-LB heads.
The increase in wire diameter can also lead to improved productivity. Additionally, wire
feedstock is used more efficiently during the process, being fed to the melt pool without
any material loss, while it provides controllable dimensions, being at a consistent diameter
across its length. Lastly, one more advantage compared to powder DED-LB is the usage
of less demanding Personal Protective Equipment (PPE) and, in general, precautions for
safety which make it more attractive for the industrial environment.
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Figure 1 depicts the market distribution for hybrid manufacturing, positioning the
DED systems in the total market. It has been discussed that metal AM systems have grown
5% per year in the last five years, while the number of services (finished parts) has grown
more than 15% in the same period. Additionally, 70% of the DED systems use of lasers and
the market for laser-based DED systems is expected to grow by 200% throughout 2024–2029.
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Figure 1. Positioning and forecast of DED processes in the hybrid manufacturing market [14].

1.2. Wire DED-LB Process Window Development

The process mechanism of wire DED-LB contributes to an increased reputation among
users reaching the same levels of WAAM process. This process provides more precise heat
input that leads to narrower heat-affected zones (HAZs), achieving fine microstructure
and small grains while it is a good compromise of surface quality and productivity. Bead
dimensions in WAAM are usually more than 5 mm in width and more than 1 mm in layer
height, while in wire DED-LB, the size of bead width can be less than 2 mm and the
layer height more than 0.4 mm. Due to the more precise heat input, wire DED-LB can
be used in high-value repair applications in molds, impellers etc. [15,16]. Although the
significant benefits that contribute to an improved adoption from industry, wire DED-
LB is more sensitive on key process variables such as the standoff distance (SoD) and
process phenomena such as the heat accumulation and deviation of working distance.
The deviation from the optimal conditions leads to unstable processes, which are linked
with the wrong interaction point of laser beam with the wire feedstock, causing either
droplets or collision of wire to the substrate (Figure 2a). Each one of these situations affects
the continuity of material deposition and finally leads to failed processes as illustrated in
Figure 2b.

To address this issue, process modeling, monitoring, and inspection techniques are
needed to capture and evaluate the critical phenomena and suggest control actions [17–22].
Although over the last few years, there have been numerous attempts to industrialize these
solutions and such to increase the individual users of the systems, there are no established
workflows for process window development. These workflows do not include only the
definition of working parameters but also the quantification of the effect of these param-
eters on bead dimensions, heat accumulation, over-under built, etc. However, the lack
of industrialized tools hinders the so-called flexibility of wire DED-LB processes, making
the transition from one material to another and to various geometries with different re-
quirements time-consuming. To identify the optimal parameters for each case, an extensive
experimental campaign is needed which relies on the selection of the appropriate sample
geometry and the metrology responses (Figure 3).
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Figure 2. Subfigures (a–c) illustrate the interaction between laser, wire, and substrate under different
SoD conditions: (a) reduced SoD, (b) correct SoD, and (c) increased SoD. Subfigures (d–f) show the
resulting deposition outcomes corresponding to those conditions: (d) over-deposition, (e) stable
deposition, and (f) balling effect (adapted from Stavropoulos et al. [17]).

The latter is not a trivial task since, based on the required insights, different geometries
should be examined and, therefore, the compatibility with different metrology devices is
not ensured, not only in terms of cost but also in terms of accessibility and availability [23].
Additionally, the variation between different part designs and metrology devices intro-
duces complexity with regard to data interpretation. For a real industrial environment,
an intermediate step is needed to link the process variables, with metrology responses
which is the feedback from process monitoring devices. This accelerates the link of inputs
with melt pool quality and overall part dimensions, contributing to real-time feedback to
the operator and generation of process understanding. To this end, this work presents
a methodology that can be found on the second step of the effort for process window
development, where single-wall geometries are built exactly after the single beads so as
to investigate the effect of the various process variables on the process stability, on part
dimensions, and finally to adjust the layer height corrective factor. For the development of
single walls, the successful parameters of single tracks are used, while the outputs of the
prior statistical analysis also guide the corrective actions where needed based on the data
captured from the monitoring devices.

This work has been structured as follows. In Section 2, the current state of practice with
regard to the metrology devices that can be used out of line and give feedback for process
optimization are introduced, focusing on the Computed Tomography (CT) technology
that provides the more detailed, but at the same time, the most complex analysis of the
data. The CT scan presented in Section 3 is used to provide the cross-sectional stability
of a reference geometry developed with a robotized wire DED-LB system. Although CT
devices can also provide details about the intrinsic defects, in the case of wire DED-LB, it
is not typical to find pores in thin walls, since the raw material is fully dense. However,
visible cracks may be generated close to the substrate. The developed reference geometry
accommodates the understanding of the behavior of a robotized system on the overall
process and reveals the effect of the laser power (P) decay strategy on the overall part
dimensions, considering only in-line inspection of melt pool features by using vision-based
monitoring. The methodology and the pillars of this work are presented in Section 4. Finally,
in Section 5, we demonstrated that in wire DED-LB, a stable process, it is considered as the
first indicator for a high-quality process output as well as that obtained by implementing
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Nested ANOVA; the effect of process inputs on the process responses can be interpreted
as depicting the optimal set of process parameters and the effect of P decay strategy on
overall quality.
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Figure 3. Process window development workflow. The parameters for the single tracks were
identified in a previous study by Stavropoulos et al. [17].
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2. State of Practice on Part Inspection
Inspection systems for DED components offer various capabilities, with contact sys-

tems like Coordinate-Measuring Machines (CMMs) widely used for their high accuracy
in measuring accessible and regular surfaces. Equipped with tactile probes, CMMs can
capture discrete points or scan freeform geometries, making them effective for verifying
critical features. However, their efficiency decreases with rough or complex geometries,
and complex internal features are not discernible.

Optical systems are more versatile, but they are subject to several limitations when
applied to complex geometries such as those characteristics of DED components [24,25].
These challenges mainly arise due to shaded areas of the parts, which prevent complete
surface acquisition [26].

X-ray Computed Tomography (CT) is a highly versatile and non-destructive technique
for inspecting both internal and external features of components. This makes it particularly
suitable for complex geometries. The process involves capturing X-ray projections from
multiple angles, which are reconstructed into a 3D voxel-based model. This approach
enables precise evaluation of dimensional tolerances and identification of internal defects
in a single procedure, surpassing the limitations of traditional tactile and optical inspection
methods. CT is particularly effective for freeform geometries and multi-material compo-
nents, where other methods often face difficulties. Sub-voxel accuracy is achieved through
advanced algorithms for edge detection and segmentation, allowing detailed analysis of
intricate features [27]. Challenges such as beam hardening, scattering, and reconstruction
artifacts are addressed through optimized acquisition parameters and correction techniques,
ensuring the reliability of measurements [28]. However, limitations include extended acqui-
sition times and the substantial costs associated with high-resolution equipment. Industrial
tomography systems are well-suited for the measurement of components at nano-, micro-,
and small scales. Nevertheless, the effectiveness of these systems is constrained by the
material thickness, the material type, and the inherent capabilities of the system.

The choice of the most appropriate method depends on factors such as the complexity
of the geometry, the required accuracy, the need for internal or external inspection, the type
of material, the material condition (e.g., deformable, transparent, opaque), the dimensions
of the component, the traceability requirements, and, last but not least, the associated costs.
For reference, contact-based systems have been used extensively in freeform geometries
such as the liner of automotive engines, the shape of the blade of a large turbine, etc., as well
as to find specific information such as the center of a hole, its diameter, and the length of an
arc. However, this method requires significant time since the surface is scanned by contact,
and as such, large parts may require some hours to be measured and represented in a digital
environment [29]. On the other hand, 3D vision and scanning systems can deliver the 3D
geometry of the part in a matter of minutes, but with less accurate information, especially
when it comes to internal or hidden features. Moreover, these methods are affected by the
reflectivity of the inspected part, and they often require alignment markers to orient the part
in the space. These methods are used extensively in repair operations where the surface
should be scanned so as to compare with the initial CAD and extract the volume which
should be repaired (e.g., turbine blades). In this case, the accuracy of the representation
is not very important since it is common practice to add excess material which is later
post-processed. Finally, X-ray is opted in the case of thin-wall geometries like the parts
from the nuclear industry where the specifications of the parts should lie within standards,
and therefore, the existence of intrinsic defects should be examined. Table 1 summarizes
the key inspection technologies, highlighting their main advantages and limitations.
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Table 1. Overview of inspection systems for DED components.

Inspection System Advantages Limitations References

Contact Systems High accuracy for accessible and
regular surfaces

Limited by surface roughness and
difficulty in accessing complex

geometries
[30]

3D Vision/Scanning Systems Well-suited for freeform surfaces,
fast acquisition times

Challenges with internal features,
shadowed areas, and reflective

surfaces
[26,31]

X-ray CT
Comprehensive inspection of
internal and external surfaces,

with material structure analysis

Long acquisition times,
and higher costs [32,33]

The investigation of the literature provided enough evidence about the different
types of inspection devices that can be used for the extraction of dimensional accuracy
and determination of internal quality. Our work aims to leverage information that will
be extracted from a CT scan towards the evaluation of different experiments in terms of
dimensional accuracy. The precision of the equipment has been selected in accordance to the
quality metrics that are defined for DED AM processes, aiming to provide sufficient insights
into the effect of process variables on the thin-wall morphology and cross-sectional stability.
The interior surface of the part could not be captured with none of the other mentioned
inspection devices (Contact and 3D vision/Scanning Systems). Finally, the understanding
of the capabilities of various inspection devices guided the design of the examined part and
the number of experiments so as to maintain a high reward-efficient experimental design.

3. Experimental Set-Up
The experimental set-up is divided into two individual systems. The first one is

the wire DED-LB robotized system and the second is the metrology device that is used
for the CT scan of these geometries (Figure 4). The DED system comprises of 6-off-axis,
infrared wavelength (976 nm), continuous laser beams, and a coaxial wire feeding system.
The working distance is kept constant for all the experiments at 6 mm above the surface,
while the material for these experiments (feedstock and base plate) has been decided to
be the stainless steel AISI 316 so as to generate process-related knowledge, identifying the
effect of process inputs to process outputs without dealing with the special characteristics
of more complex materials which depend on the inert atmosphere and surface pre-heating.
The wire diameter has been consistently measured at 1 mm and the substrate thickness
10 mm.

In order to obtain the desired information, monitoring devices are used. The first one
is an embedded load cell that captures the loads on the deposition head (feeding system),
and it ensures that, in the case of over load, the feeding/retract activities immediately stop
without causing failure to the equipment. This is typical in the case that the laser stops when
the wire is within the melt pool. It is a bending beam load cell which captures information
with a sample rate of 100 Hz, reduced to 10 Hz so as to match the sampling frequency of
the vision-based system. The sampling frequency has been decided so as to follow the
evolution of process phenomena. The load cell value is calibrated each time before the
process by the machine software so as to ensure the same starting level for each experiment.
The information is stored in a CSV with a timestamp and the relative robot position each
time, considering the use of Ethercat and ModBus protocols. For communication with the
machine, the TCP/IP data exchange protocol has been used. By linking the information of
this signal with the part height, significance insights can be extracted from the evolution of
layer height between the layers.



J. Manuf. Mater. Process. 2025, 9, 230 8 of 27

Sample rate: 100 Hz 

Accuracy: 10 g 

Maximum weight: 30 kg

Over deposition

Resolution: 1440 × 1080 pixels 

Record values: [0, 255] 

Sample rate: 100 fps

Dynamic range:  71.5 dB

L
o

a
d

/g

4th layer 24th layer

Time/s

Over depositionStable deposition

Vision camera

Load cell

Figure 4. Wire DED-LB-robotized system and monitoring devices.

The second device that has been used is a BASLER CMOS camera which has been
installed in an off-axis configuration, capturing the heat-affected zone. For each process,
the raw frames are and reflect the melt pool evolution. The resolution of the camera is
(1440 × 1080) pixels, with a 0 to 255 range of values for each pixel, and the dynamic range
is 71.5 dB. By visually inspecting the frames as captured by the PylonViwer software,
the status of the process is evaluated, which is classified in stable deposition, under-build
and over-build. By analyzing the frames of Figure 4, the process status can be characterized
by the operator only by observing the frames, while for the last two phenomena linked with
the part height, the signal of load cell is evaluated in real time so as to validate the process
understanding by providing critical details about the melt pool quality through evaluating
the interaction point of laser beams and provided feedstock. Also, as demonstrated later
in Section 4, by evaluating the melt pool shape and brightness and the evolution of these
metrics among the layers, the heat accumulation of the part can be extracted, guiding
corrective actions on the fly by inserting manually changes on the DED machine controller.

The second part of the experimental setup is linked with the CT scan that has been
used throughout the evaluation. The samples were removed from the platform using a wire
Electrical Discharge Machining (wire EDM) system by Suzhou Baoma (Suzhou, China).
Each sample was then subjected to CT scanning using a Phoenix V|tome|x S240 system
by Baker Hughes (Houston, TX, USA). The geometry exceeded the sensor field of view
(FOV), and to avoid losing resolution, the scanning was divided into two steps. First,
the bottom section was scanned, followed by the top, with both scans later merged during
post-processing. In addition to this two-step acquisition, the shifted detector mode was
employed during reconstruction to further enlarge the effective FOV by laterally displacing
the detector, thereby enabling complete coverage of the object. For each step, 2800 images
were captured, resulting in a total of 5600 images over a full 360◦ rotation. After the scanning
procedure, the initial data were processed using Phoenix datos|x (version 2.8.0-RTM) to
remove any noise and correct for potential shifts in the sample or detector. The refined data
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were then imported into VGSTUDIO MAX 3.5 by Volume Graphics (Heidelberg, Germany)
to perform the analysis.

4. Materials and Methods
Overall, the idea is to create a methodology for step-by-step establishment of the

functional process window alongside with the generation of process knowledge not only
in terms of statistical tools and methods that evaluate the condition of the machine but also
in terms of human-based process understanding and wisdom [34,35]. The latter is very
important since it determines the type of design of the experiment that is followed. For the
non-mature wire DED-LB process, the experimental strategy should be designed based on
the agent that is going to use the extracted information. In the case of human-based interpre-
tation of outputs, the experimental work should depict a clear link between process inputs
and outputs and clarify the aspects that are related to the process mechanism. The correct
understanding of this effect could lead to a very first decision about the parameters that
can be adjusted on the fly and the very sensitive parameters that should be kept constant
during the entire build. On the other hand, when the experimental work is oriented to
create data for artificial intelligence and machine learning models, nested and full factorial
approaches can be followed since the hidden relationships between the inputs and outputs,
which sometimes cannot be interpreted easily from engineers, can be identified. Finally,
the target of this methodology is to provide the necessary human-based knowledge in
each step of the process window development and guide the establishment of functional
working parameters as well as determine the corrective actions that should be performed
on the fly so as to control the process.

4.1. Selection of Sample Geometry

The present study is focused on the development of thin-wall geometry and the
implementation of knowledge that has been generated during single beads as described
in Figure 3. The single-wall geometry is studied before the multiwall/solid parts since it
provides, in a more obvious way, the effect of process inputs on process output using, “close
to the machine” devices such as Vernier caliper to depict the accuracy of part dimensions
compared to the nominal values. The thin cross-section deviates from the nominal when
the process variables are not the optimal due to the change in the heat diffusion mechanism
as the layers are being developed, extracting, with visual evaluation, significant outputs
related to heat accumulation and process stability which can be also linked to the properties
of the part [36]. As such, the implementation of process understanding is necessary in each
process so as to deliver a “visually” stable process. This step includes the determination of
minimum dwell time between layers, the values of the working process parameters as well
as the development of robot path. On top of that, the responses of the monitoring devices
can be understood more easily when simplifying and reducing the process inputs that may
affect the captured signals. As an example, intensive work is needed when studying a full
solid or overlapping part in order to transform the data captured from costly scanners and
CT scan devices into useful information.

4.2. Wire DED-LB Process Phenomena and Their Effect on Process Stability

In the previous paragraph, the reasoning behind the study of thin-wall geometries
has revealed the correlation of cross-sectional thickness consistency and process stability
through controlled heat accumulation. Therefore, to better understand the effect of process
variables on the process mechanism, the following paragraphs unfold the critical process
phenomena while linking them with the evolution of bead dimensions. During the imple-
mentation of the thin-wall experiments, the main process-related phenomena as well as the
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difficulties of accurately predicting the layer height have been considered. The first critical
phenomenon is the one of heat accumulation which evolves with the increasing number
of layers. When the accumulated heat reaches a critical condition, surface re-melting is
expected leading to a non-stable process due to the working distance deviation from the
SoD, causing change of melt pool dimensions and intrinsic as well as visible defects such
as cracks and poor interlayer bonding. Among the process variables that determine the
heat influx (i.e., laser power, laser spot size, SoD) and the deposition rate (i.e., deposition
head speed, wire feed rate) which are crucial for the determination of the process stability,
the most important one is the working distance. When the working distance deviates from
the SoD, the alignment point of laser beams with the feedstock material change. When the
distance between the deposition head and the built part increases, droplets of material are
expected, while in the case where this distance decreases, collision of the wire feedstock
material within the melt pool is expected. In both cases, the dimensions of melt pool cannot
be controlled, leading to a wavy surface and finally to a failed process if this issue remains
for many layers (Figure 2d,f).

On top of that, the wavy surface, even if it is within acceptable limits (Figures 2 and 5),
creates a lack of continuity since there is a gap between consecutive points across the path,
leading to a non-uniform shape of the melt pool (Figure 6).

Figure 5. Surface re-melting in the DED process, illustrating the waviness error on the deposited
surfaces with overall dimensions (120 × 50 × 20) mm3 [37].

The phenomenon of heat accumulation is detected by visually inspecting the melt pool
geometry via a vision camera, linking the expansion of melt pool area with the accumulated
heat, as it has been presented in a previous work [38,39]. By visually detecting increased
melt pool area as the height increases (Figure 7), the P is set to a lower value. Into this
specific figure, the melt pool area varies from 12 mm2 during the deposition of the 2nd layer
to 34 mm2 at the final layer. Throughout this study, there was not any specific laser power
decay strategy or pre-defined drop step, but each change was based on the operator’s
feedback. For the first layers, the laser power remained constant considering higher cooling
rate and heat dissipation to the substrate. After almost 10 layers, corrective actions were
enforced. The change in laser power remained for some layers each time, letting the system
be stabilized. The interval between each change also was not pre-defined. At higher layers,
the minimum value of laser power was reached. The lower limit was found to be close
to 600 W by closely investigating the wire oscillation on top of the surface. The wire was
partially melted above the surface, not being able to penetrate the already built part due to
the less energy provided and the lower surface temperature.
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Figure 7. Evolution of melt pool with increasing number of layers (Constant P 750 W).

The second critical phenomenon is the kinematic overbuilt that evolves at the areas
where the head accelerates and decelerates, which is usually the cornering areas and the
starting and end points of a track. Although, for the enclosed machine tools, this kind of
issue can be controlled from the software that manipulates, at the same time, the wire feed
rate (WFR) and the head speed, this is not the case for the robotized systems where the
head motion and the feeding system are manipulated from different controllers. The latter
set-up introduces delays during the data acquisition, making it difficult to develop a
software that obtains this information and guides the corrective actions. The footprint of
this phenomenon is the satellite defect that can lead to discontinuity of material, like what
was presented in the previous paragraph. On top of that, in multiwall parts, this can lead
to failed processes considering short track length and the development of fine features.

To understand the severity of this issue in our machine, the same starting point was
selected for all the layers and all the samples. This point is decided to be close to a straight
line of adequate length that has been selected to avoid a sequence of changes in speed
that could create unstable deposition (Figure 8). On top of that, by tuning the feeding
system parameters and the laser activation procedure, minimal over-built was achieved at
the starting point, visually inspecting the end part after a pre-defined number of layers.
To facilitate the analysis, the deposition was segmented into blocks of 11 tracks, referred
to as Layers Blocks (LBlk). Within each block, the process parameters were kept constant.
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These include the P, the robot scan speed v, and the WFR, which were then modified in the
following block.

1st LBlk

2nd LBlk

3rd LBlk

4th LBlk

5th LBlk

6th LBlk

7th LBlk

8th LBlk

9th LBlk

10th LBlk

11 layers

CL

R
5

R
3

R
30

R
12.5
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2

R
2

Thickness

1
8

60

Figure 8. Thin-wall geometry with annotated dimensions, highlighting the starting point and path
direction (red arrow).

The last of the issues related to the process mechanism was linked with the assump-
tions about the layer height calculation. As it has been stated in another work, the bead
geometry is approximated by a rectangular shape while it is closer to an ellipsoidal shape,
inserting calculation errors [37]. Moreover, the procedure of calculating layer height, apart
from the utilization of law of mass conservation, requires calibration with actual measure-
ments which are performed on the microscope. The theoretical layer height is multiplied
with the correction factor and the value that has been used as the actual layer height is
generated for the different combination of process parameters. However, it cannot be
considered a priori that the correction factor will be equal for all the combination of process
parameters. Therefore, a close evaluation of the part height between specific intervals as
well as the corresponding trend of the load cell signal at the same intervals could provide
meaningful information about the part height increase. The values also captured from
the embedded load cell have been correlated with the over- and under-built, which has
also been validated by analyzing the signal from the vision camera [37]. Finally, height
measurements are taken every almost one or two batches of layers to ensure the stable
increase in height. In the case where deviations are observed and the part is higher than
expected, the WFR is reduced considering the immediate effect of this parameter without a
significant effect on the bead width dimensions, while in the case of the under-built, the
WFR increases to counteract the lack of material (Figure 6).

4.3. Thin-Wall Development as a Multi-Factorial Problem

From our previous research work, a set of functional process parameters has been
identified [17]. However, it cannot be assumed that the initial values of these parameters can
remain constant during the process, due to the process phenomena that can appear in every
print. In this work, the corrective actions have not applied based on a pre-described strategy
but based on the knowledge that has been gained through the ongoing experimental work
and the quick evaluation of the effect of process variables on the process key performance
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indicators (KPIs). For this study, different sets of initial process parameters have been
tested. During the process, the laser power and the WFR values are modified based on
the signal captured by the vision camera and the load cell devices. The WFR parameter is
tuned during the process based on the part’s height measurements that have been obtained
between pre-defined time intervals, considering this parameter being linked directly to the
bead height. Additionally, as it is presented in a previous work [37], the trend of the load
cell values has been correlated with the over- and under-built. Therefore, by combining the
metrology responses and the visual inspection of the load cell signal, the WFR parameters
has been modified. The cooling time between layers, the path planning strategy, and the
number of layers remain constant between the different experiments. More specifically,
the cooling time and idling time between layers have been selected according to the
manufacturability threshold for the studied material that has been extracted from the
literature [38]. However, when the v increases, the cooling time is expected to increase
accordingly so as to keep constant the deposition time plus cooling time between each
layer. In the case of SS316L, the total time between consecutive layers has been found
to be 26 s. The outputs of the present work can be very useful in multiple ways. First,
the effect of the laser power drop strategy not only on heat accumulation but also on the
cross-sectional stability is detected. Secondly, the effect of WFR on process stability is
demonstrated. Lastly, the last two points are used for the design of control strategies based
on the captured signal and its relation to the part quality for each one of the samples.

4.4. Challenges on the Data Analysis

In the DED process, each layer is deposited on top of the previous one, causing the
effects and errors in subsequent layers to depend on those in earlier ones due to error
propagation. This interdependence complicates the assessment of defects in the later layers
compared to the initial ones and becomes even more challenging when comparing different
layers across various deposition strategies. To address this, each LBlk was treated as an
individual volume for analysis, and the hierarchical nature of the deposition process was
taken into account. The temporal order of the blocks introduces dependencies: the first
block is only influenced by the substrate, while each subsequent block is affected by all those
previously deposited. Each specimen includes 10 LBlks, each with its own combination of
process parameters. It is important to interpret LBlk as a feature-engineered variable [40]
that aggregates both the process parameters and the cooldown intervals between blocks.
Although this approach does not capture all physical differences (such as those from local
thermal conditions or robot positioning errors), it effectively reduces noise and enables a
more tractable comparison of the evolving process parameters across specimens.

The specimens were separated from the platform, scanned with CT scan, and analyzed.
For each specimen, the wall thickness distribution was first analyzed to assess the median
thickness. The reference CAD model was then generated based on the robot path and the
median thickness. This eliminates any bias due to the process parameters used and their
effect on the width of the deposited tracks. The CT scan data was subsequently aligned
to the reference CAD, and defect analysis was conducted. The chosen responses were
thickness, surface deviations, height of the LBlks and their deviations, as these metrics are
closely related, with interactions influencing one another. To provide a reliable indication
of central tendency and dispersion, two robust descriptive statistics that are less affected
by outliers were adopted: the median and the median absolute deviation (MAD) [41].
The median represents the central value of the dataset, while MAD measures the variability
by calculating the median of the absolute deviations from the overall median, providing a
robust estimate of dispersion.
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4.5. Structure of Statistical Model

To include in the analysis the hierarchical structure of the experiment and the se-
quential correlation in the measurements, the linear statistical model is formulated with
an autoregressive residual structure of order 1 (AR(1)), where each residual is linearly
dependent on the immediately preceding one. The general form of the model is

yijk = µ + τi + δ1Pijk + δ2vijk + δ3WFRijk + ϵijk, ϵijk ∼ AR(1) (1)

where yijk represents the response, µ is the overall mean, and τi denotes the effect of the ith
Specimen. The covariates P, v, and WFR are included as fixed predictors with corresponding
coefficients δ1, δ2, and δ3. The residual term ϵijk is modeled as a AR(1), which captures the
temporal correlation across sequential LBlks within each Specimen.

The objective is to assess the impact of Specimen and the process covariates on the
manufacturing outcomes, accounting for the inherent correlation introduced by the ordered
layering process.

5. Results and Discussion
In this study, five specimens were produced, and each specimen contained 10 LBlks

of 11 tracks, each representing a different combination of process parameters. The total
time between consecutive layers has been selected at 26 s for the AISI 316L based on the
recommendations of our previous work to avoid a direct effect of the heat accumulation on
the process stability at the very first layers. In that way, the phenomenon of heat accumula-
tion would be controlled with minor corrections of heat input [9,42–45]. The experimental
layout and process parameters are shown in Table 2, and the resulting specimens are shown
in Figure 9. Each specimen is identified as S#, where # represents the specimen number.

Table 2. Experimental set-up.

Specimen LBlk P/W v/(mm·s−1) W FR/(mm·s−1)

S1

1 800 11 10
2 750 11 10
3 700 11 10
4 700 11 10
5 650 11 10
6 650 11 10
7 620 11 10
8 620 11 10
9 620 11 10

10 620 11 10

S2

1 950 13.1 11.9
2 850 13.1 11.9
3 850 13.1 11.3
4 800 13.1 11.3
5 750 13.1 11.3
6 750 13.1 11.3
7 700 13.1 11.3
8 700 13.1 11.3
9 660 13.1 11.3

10 660 13.1 11.3
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Table 2. Cont.

Specimen LBlk P/W v/(mm·s−1) W FR/(mm·s−1)

S3

1 900 11 11
2 850 11 11
3 775 11 11
4 700 11 11
5 720 11 11
6 720 11 11
7 720 11 11
8 720 11 11
9 720 11 11

10 700 11 11

S4

1 900 12.4 11.3
2 850 12.4 11.3
3 775 12.4 11.3
4 750 12.4 11.3
5 700 12.4 11.3
6 650 12.4 11.3
7 650 12.4 11.3
8 650 12.4 11.3
9 670 12.4 11.3

10 670 12.4 11.3

S5

1 950 13.1 13.1
2 900 13.1 13.1
3 850 13.1 13.1
4 800 13.1 13.1
5 800 13.1 12.5
6 750 13.1 12.5
7 700 13.1 12
8 670 13.1 12
9 670 13.1 12

10 670 13.1 12

After manufacturing, the specimens were detached from the platforms using a wire
EDM system and prepared for CT scanning, as detailed in Section 3. The chosen CT
scanning parameters (Table 3), along with the sample dimensions, allowed for a clear
distinction between the material and the background, yielding a volumetric picture element
(voxel) size of 40.7 µm. After the scanning procedure, the initial data were processed using
Phoenix datos|x to remove any noise and correct for potential shifts in the sample or
detector. The refined data were then imported into VGSTUDIO MAX 3.5 to perform the
analysis. The reconstructed surface, after processing, achieved a determination error of
approximately 1/10th of the voxel size. This was accomplished using optimized sub-voxel
edge detection algorithms [46], ensuring precise local surface calibration directly from
the voxel data to minimize measurement uncertainties [47,48]. As the analysis focused
on two closely spaced and parallel surfaces, the combined effect of errors from both
surfaces was calculated using the L2 norm. Consequently, the accuracy of the geometric
analyses was on the order of 10 µm, ensuring consistency with the measurement uncertainty.
A complete visualization of the deviation analysis is shown in Figure 9. The accuracy level
has been decided according to the directions of the literature where the effect of the critical
parameters on the bead geometry has been measured to vary by ±0.1 mm [49]. The idea is
to correlate the accumulated dimensional error that could steer the process out of the stable
process window within subsequent layers and guide corrective actions.
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Figure 9. Final builds of the specimens corresponding to the experimental parameters in Table 2, sep-
arated from the platforms using wire EDM. The right panel shows the Nominal/Actual Comparison
analysis of surface deviations obtained using VGSTUDIO.
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Table 3. Set-up and parameters values used during CT scan.

CT Parameter Value

Voltage, V/kV 200
Current, I/µA 140

Filter 0.5 mm of Sn
Timing/ms 333
Averaging 3

Skip frames 2

5.1. Thickness Analysis

The first step in the analysis was to measure the wall thickness of the samples. Given
that the walls consisted of single overlapping tracks generating ideally flat parallel sur-
faces, thickness measurements were conducted using the Ray method. In this algorithm,
a thickness range of 1.5 mm to 2.0 mm and a search angle of 10◦ were set, allowing the
identification of the shortest distances between opposing surfaces for each surface point.
The raw data obtained were processed in MATLAB R2023b by MathWorks (Natick, MA,
USA) to calculate the median and MAD of the thickness values. These findings indicate
a MAD close to 0.2 mm, which lies within the process tolerance. However, the deviation
of the width on consecutive measurements across the height indicate that the thickness
oscillates around a central value but with different trend line and magnitude each time.
Moreover, this change in thickness is not always on the same side (positive or negative),
indicating that the process mechanism is affected in a different way each time a process
variable changes. These observations dictate a direct link between the measured width and
the change in process variables since the boundary conditions has not changed throughout
the experimental work. The consistency of wire diameter across its length and the sim-
plified process mechanism that does not require an inert gas to carry on the raw material
reduces the impact of external factor on the observed measurements, enabling the correla-
tion of process parameters with the metrology outputs [50]. Therefore, to understand this
effect, a statistical analysis was conducted. The data were analyzed using Python 3.11.2,
employing the statsmodels package for statistical modeling (including linear models and
ANOVA) and scipy.stats for computing F-distribution p-values. Data visualization was
performed using the matplotlib and seaborn libraries. The statistical modeling was based
on a Generalized Least Squares (GLS) framework with AR(1)-correlated errors, incorpo-
rating a fixed effect for the Specimen factor, continuous covariates (P, v, and WFR), and an
autoregressive structure to account for the sequential nature of LBlks, as described in the
methodology section. All confidence intervals were set at 95% (two-sided), and Type I SS
were used for the tests. The results of the ANOVA for the median thickness are presented
in Table 4.

Table 4. ANOVA for thickness/mm (median).

Source df Contribution/% SS MS F p-Value/%

Specimen 4 16.81 0.434 0.109 6.41 0.01
P 1 2.71 0.070 0.070 4.12 4.53
v 1 8.33 0.215 0.215 12.65 0.06

WFR 1 10.11 0.261 0.261 15.35 0.02
Error 92 64.90 1.602 0.017
Total 99 100.00 2.582

All factors were statistically significant significance level (SL) of 5%, with a positive
sequential trend indicated by the autocorrelation estimate (0.517), indicating a positive
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trend among sequential LBlks and confirming the importance of accounting for temporal
correlation in the modeling approach. The deposition height is a very important process
parameter since it determines the heat diffusion mechanism to the substrate as well as
on the already built part, influencing the heat accumulation and the resulting bead shape
[51]. This finding parallels the influence of P, WFR, and v on track width, as demonstrated
by [52,53]. Regarding the thickness dispersion index (MAD), only the factors P and v
were found to be statistically significant at an SL of 5%. The estimated autocorrelation
coefficient indicates a positive correlation across sequential layers, suggesting that thickness
irregularities tend to persist over consecutive LBlks during the manufacturing process.

The results for the median thickness of each LBlk are presented in Figure 10 as a bar
chart, with the red lines indicating the mean values and the red whiskers representing the
corresponding MAD values. It is interesting to observe that higher median thickness values
are associated with lower dispersion, as seen in specimen S3. Conversely, as the median
thickness decreases, the dispersion increases, resulting in specimens that are less consistent.
This observation is further supported by the correlation analysis between the median
thickness and the respective MAD for each LBlk across all measurements (total of 100 data
points). The resulting ρ of −0.55, with a significant p-value, indicates a negative relationship
between the wall thickness and its uniformity within the specimen. Despite the statistically
significant differences identified by the analyses, from a practical process perspective, all
five strategies, though distinct, result in deviations within typical manufacturing tolerances
and acceptable error margins (approximately one-tenth of a millimeter).
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Figure 10. Bar chart of median thickness values for each LBlk. The standard deviation within each LBlk
is approximately 0.05 mm. The red line indicates the overall mean, and the red whiskers represent
the MAD values.

5.2. Surface Deviation Analysis

From the multiple comparison analyses conducted using Tukey’s method with a Type I
error (α) of 5% for both the thickness medians and MADs, no similarities were observed
among the specimens (strategies). This supported the decision to create a dedicated CAD
model for each specimen, tailored to its specific mean median thickness. Each actual sample
geometry acquired through CT scanning was aligned with the respective CAD model using
a feature-based alignment method. After alignment, a Nominal/Actual Comparison was
carried out. The results of the analysis are shown in Figure 11 in terms of the violin plots of
the thickness and deviations calculated for each specimen.

The violin plots (Figure 11) offered a robust and intuitive visual representation of the
data distribution for the different specimens. The median deviation provides a robust mea-
sure of central tendency, helping to identify systematic issues. The MAD of the deviations
is used as an index of dispersion, indicating how far the surfaces deviate from the median.
In particular, a higher MAD corresponded to a greater presence of defects, due to material
shrinkage, dynamics of the robot, and material overlaps at the start and stop points of the
deposition path. Overall, these results provided valuable information about the quality of
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the surfaces and of the deposition. Statistical analysis of the median deviations showed
that only the factors v and WFR were statistically significant. The estimated autocorrelation
coefficient was 0.194, indicating a slight positive correlation among sequential LBlks. This
suggests a moderate persistence of deviations across subsequent layers, potentially linked
to cumulative process effects. A slight negative trend in surface dispersion was observed
along the sequential LBlks. Only P, and marginally v, showed a significant effect, while
overall dispersion remained stable across specimens and process conditions.
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Figure 11. Overlapped split violin plots of thickness (in blue) and deviations (in red).

All specimens exhibited localized defects at the starting/ending points of the depo-
sition paths, mainly due to material accumulation (see Figure 9), which is very common
in robotized systems where the kinematic behavior of the head manipulator needs to be
controlled in relation to the tool path positioning and the desired kinematic characteristics
(speed, acceleration) [54]. S1 showed the most regular deposition, with minimal surface
deviations. S2 presented prominent material build-ups at the third and seventh LBlks on the
frontal side, and a lateral defect at the ninth LBlk. S3 exhibited visible defects particularly
between the fourth and seventh LBlks. S4 displayed a major defect at the beginning of
the sixth LBlk, where the deposition deviated significantly from the programmed path;
this anomaly was treated as an outlier during data analysis. Additionally, S4 showed
consistent surface irregularities across almost all LBlks, mainly on the frontal side, likely
caused by material shrinkage during deposition pauses. Finally, although S5 exhibited
marked defects at the fourth, fifth, seventh, and ninth LBlks, especially on the frontal and
lateral sides, it achieved, after S1, the best overall surface quality, as confirmed by the violin
plots (Figure 11).

5.3. Height Analysis

The final analysis addressed the height of the LBlk. The height was measured as the
distance between two planes parallel to the building direction, constructed respectively
on the bottom surface of the 1st track and on the top surface of the 11th track of each
LBlk. As shown in Table 5, all factors considered are statistically significant, confirming the
substantial influence of both the process setting and the specimen-specific strategy on the
evolution of the track height. This finding is in accordance with the literature, where the
critical process parameters simultaneously affect the bead shape in both width and height
as a result of the law of mass conservation and the effect of heat-affected zone temperature
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profile on the material viscosity [6]. The autoregressive coefficient (0.154) indicates a slight
but consistent temporal correlation across successive LBlks.

Table 5. ANOVA for LBlk height/mm.

Source df Contribution/% SS MS F p-Value/%

Specimen 4 0.16 0.030 0.008 6.09 <0.01
P 1 22.61 4.272 4.272 32.12 <0.01
v 1 6.51 1.230 1.230 9.25 0.31

WFR 1 5.83 1.101 1.101 8.28 0.49
Error 92 64.90 12.262 0.133
Total 99 100.00 18.895

However, this evaluation becomes more complex when dealing with geometries
beyond simple single tracks. The bar chart for LBlk height, presented in Figure 12, provide
further insights. The plot reveals that specimens S2 and S4 exhibit a lower average LBlk
height response compared to the other specimens. This demonstrates that, despite the
identification of systematic effects, the process remains stable within the selected parameter
window. Although the height of each LBlk depends both on its sequence number and the
adopted strategy, the overall growth appears quite uniform. In particular, the LBlk heights
remain comparable within their respective error bands, even when varying the WFR by
up to 20%. This suggests that within the chosen parameter range, the deposition remains
stable despite potential inaccuracies in wire feeding, such as slipping, measurement errors,
or wire inhomogeneity. In particular, in the case of wire DED-LB, the correct calculation of
layer height is vital since, as presented in Section 1, the process stability is directly linked
with the SoD parameter. Therefore, even a deviation of 0.02 mm per layer when maintained
for each consecutive layer can lead to an out-of-stability process after 10 layers when the
deviation would reach 1/3 of the SoD. The results indicate at first that the corrective actions
that were performed during the process assisted to maintain a process within the stable
window, enriching the process knowledge, while also detecting that the height oscillates
around a value, indicating the simultaneous effect of laser power on both bead width and
height. The latter statement consist a major outcome of this work.
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Figure 12. Bar chart of LBlk height values, with red lines indicating the mean heights and red
whiskers representing the corresponding MAD values. The standard deviation within each LBlk is
approximately 0.1 mm, reflecting the typical variability of the process.

To provide a broader perspective on the complexity of the process and its underlying
phenomena, a special correlation matrix was developed (Figure 13). This matrix combines
the lower triangle of the Pearson correlation (ρ) and the upper triangle of Spearman cor-
relation (rs), offering a comprehensive view of both linear and monotonic relationships
between key process parameters and responses [55,56]. The Pearson correlation evaluates
the strength of a linear relationship between variables, making it suitable for continuous
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data where a linear trend is expected. On the other hand, the Spearman correlation as-
sesses monotonic relationships by ranking the data, making it more robust to outliers and
applicable to variables with non-linear trends. The analysis reveals several noteworthy
relationships. A negative correlation (ρ = −0.65 and rs = −0.62) was observed between P
and thickness (MAD) in both Pearson and Spearman correlations, indicating that higher P
levels significantly reduce variability in thickness. This finding suggests that increasing P
improves deposition stability, leading to more consistent tracks. In contrast, a moderate
positive correlation (ρ = 0.57) between LBlk and thickness (MAD) indicates a monotonic
relationship, where greater heights correspond to higher variability in thickness. This
underscores the importance of controlling height growth to minimize inconsistencies in
track formation. Interestingly, the Spearman correlation (rs = 0.57) in the upper triangle
further emphasizes this trend, as its rank-based nature reinforces the monotonic associa-
tion. Additionally, a moderate positive correlation (ρ = 0.48 and rs = 0.58) was observed
between thickness (median) and deviations (median). This indicates that larger thicknesses
are associated with greater deviations, underscoring the influence of geometry on process
stability. While the Pearson correlation confirms this linear relationship, the Spearman
correlation also captures the monotonic trends, illustrating the robustness of this dual rep-
resentation. These results underline the intricate relationships between process parameters
and part geometry, demonstrating that factors such as P and LBlk height play pivotal roles
in determining both the stability and consistency of the deposited layers.
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Figure 13. Combined Spearman (upper) and Pearson (lower) correlation matrix.

By observing these strategies, it can be found that irrespective of the initial P value,
for a given number of layers, the P drops in order to counteract the accumulated heat within
the part aiming to maintain a stable process across the height. The process stability at this
level is defined as a process with predictable bead dimensions and without macroscale
defects (cracks). However, from the findings of this work, it can be extracted that although
some strategies can deliver parts with acceptable dimensional accuracy, the analysis of
the LBlk demonstrate not consistent grow of part, followed by non-consistent bead width
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dimensions. This is directly linked with the modification of P, at intervals, where the
process is not stabilized yet, directly affecting the penetration depth [57,58]. This issue is
more obvious in cases where higher feed rate values are selected, since in this case, the bead
quality is much more sensible to the heat input. Additionally, from the same findings, it
is concluded that a P drop equal to 50 W, it is aggressive and can lead to unstable bead
dimensions until the “thermal stability” is reached by keeping the same laser power for a
number of subsequent layers. In the literature, there are few studies that discuss the effect
of laser power parameter on process stability, demonstrating that automated in-line control
adjusts the power level layer by layer less than 5% of the initial parameter. In that way,
they do not impose significant change on the heat input to cause instability, but they reduce
its intensity so as to control the bead dimensions and the temperature profile [59,60].

Overall, the thickness deviation lies within acceptable limits for all the experiments
considering the case of post-processing that would be needed for improved surface quality
as well as the process stability in multiwall or multi-layer parts, where even a very small
error is accumulated. The immediate effect of P drop strategy on the process stability is
considered the most valuable output of this work. Increased heat accumulation can lead
to surface over-heat and re-melting and as such failed processes. These can be avoided
by following control strategies that can be built around the control variable of P. Cooling
time, on the other hand, does not have such a significant impact on the heat accumulation
control since the heat loss due to heat transfer to the surroundings affects the melt pool in
a much slower way than the laser power. In the current work, the latter statement relies
on the evaluation of the results of the case of S2, where the deposition speed increases
while keeping the same deposition length. Despite the fact that the cooling time in this case
was elongated, the laser drop was the highest between all the specimens (950 W to 660 W).
This demonstrates that the P value has a higher effect on the melt pool area growth than
the cooling time. On top of that, this conclusion is also supported by the literature where
various cooling time values have been tested towards the understanding of this parameter’s
effect on the process stability [38]. Last but not least, the dimensional aspect is only one of
the responses that characterize the quality, but it is the first important indicator for a stable
process and later microstructure can be examined for the different set of parameters.

Finally, the importance of applying in line control agents is demonstrated by combing
the outputs of height and thickness analysis which are presented in Figure 13. The findings
point out that a different set of working parameters delivered stable processes. However,
some of the combination may needed more careful examination with regard to the layer
height that was initially selected. The calculation of layer height and the linked correction
factor seems to be linked with the P, and as such, there should a unique value for each
P level. The fact that when greater height is achieved, the variability in thickness also
increases, as well as the fact that larger thicknesses are associated with greater deviations
means that the melt pool shape is not predictable and controlled with the variation in
specific parameters. The areas where these deviations have been observed are close to the
substrate where the initial layers are formed and at the areas where the modification of P has
been observed. In the case with combined drop of P value and drop of WFR, the influence
of the part dimensions is observed some layer after the change, considering the inertia of
the heat mechanism. From the present analysis, we observed not only the effect of P value
on controlling the bead dimensions but also the significance of performing these activities
after identifying the “thermal stability” of the process. The latter demonstrates a specific
height (especially in thin walls) where the heat diffusion mechanism transforms from
three-dimensional, considering heat loss to the substrate, to two-dimensional. The main
heat transfer mechanism in this case includes the heat dissipation in height and length
directions. Compared to other impractical control strategies where the cooling time is
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tuned so as to enable constant interlayer temperature, the process control through the
reduction in laser power does not affect the process planning and the process duration
while ensuring reduced thermal stresses, which could be linked with variable cooling
time. Critical information for process control can be extracted from process modeling and
monitoring capturing either the thermal field or the melt pool dimensions. This information
can be extracted from process modeling and monitoring capturing either the thermal field
or the melt pool dimensions. Summing up, this work demonstrates the need for in-line melt
pool shape and quality characterization since these process responses can be linked with
failed processes and unpredictable part quality if the error is accumulated. By employing
process monitoring, the direct effect of standoff distance on the melt pool shape can be
detected. This information cannot be found after the process by just measuring the part but
should be detected within the process so as to capture progressive evolution.

6. Conclusions
This study used CT scans from a small number of thin-wall specimens to derive

process knowledge about the influence of deposition parameters on cross-sectional stability
and part height in the DED-LB process. The key findings are summarized as follows:

• A clear relationship was identified between the laser power decay strategy and cross-
sectional stability, offering insights into which levels of power reduction lead to process
stability without compromising bead width.

• The analysis of height response highlighted a direct correlation with bead width,
underlining the importance of maintaining a continuous and consistent mass flow
throughout the build.

• It was observed that the process should first reach a plateau in heat accumulation,
which corresponds to a shift in the heat diffusion mechanism from the substrate
toward the deposited material. Only after this condition is met should the laser power
be reduced. Otherwise, a premature drop in energy input may cause narrower and
taller beads, increasing the risk of lack of fusion and cumulative geometric instability.

• The investigation also defined the acceptable range of laser power reduction, identify-
ing thresholds beyond which reduced heat input degrades process stability.

• Although based on thin-wall geometries, the insights obtained are transferable to the
deposition of solid parts. The effect of laser power on bead dimensions follows the
same underlying thermal principles, even with different control strategies.

In future work, the samples are going to be investigated in terms of microstructure
being compared with experiments where the laser power value remained constant through-
out the build of the part. The developed datasets and knowledge will also be used to build
data-driven control algorithms, achieving not only dimensional stability but also a constant
microstructure across the entire part.
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DfAM Design for Additive Manufacturing
PBF Powder Bed Fusion
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HAZ Heat affected zone
SoD standoff distance
P Laser Power
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