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SUMMARY  

Laser powder bed fusion (PBF-LB) metal additive manufacturing allows a new 

paradigm for design creativity and supply chain logistics. There are many process variables 

that affect part quality in powder bed fusion including powder quality, layer height, laser 

speed and power, and hatch spacing. Spreading defects can lead to many process defects 

such as voids, energy density changes, and part topography variations. The overall goal of 

the present dissertation is to identify the critical size of notches on the recoater blade via 

investigation of part quality and powder bed topography. The first study was a combined 

simulation and experimental study investigating recoater damage and spreading defects in 

PBF-LB. In the experimental study, notches were machined into the recoater to investigate 

the effect of spreading parameters on the powder bed via a laser line scanner. A simulation 

model via the discrete element method (DEM) modeled the spreading conditions, resultant 

topography, and the distribution of particles. This investigation will aid in understanding 

the spreading behavior at the particle level. The second study investigated the ability of 

optical based methods to predict recoater damage from in-process signals. A range of 

machine learning methods were employed to study this behavior. Key features from the 

optical images were used to identify height and width variations within the powder bed. 

The third study investigated the effect of recoater defects on part quality characteristics of 

PBF-LB printed parts. Witness specimens were analyzed via computed tomography and 

optical profilometry for their roughness and porosity content. This investigation will aid in 

determining the criticality of the size of the recoater damage and its influence on porosity 

distribution. Spreading deviations of size 0.0241 mm were not shown to cause swelling at 
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the surface, whereas spreading defects of size 0.0707 mm, which was almost two times the 

layer thickness, showed noticeable signs of swelling. Altogether, these studies will inform 

a comprehensive understanding of powder spreading with a damaged recoater and its 

subsequent effects on powder bed and part level defects. 
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INTRODUCTION  

1.1 Motivation  

Laser powder bed fusion (PBF-LB) presents a paradigm for the manufacture of 

complex parts on demand. The process shows significant promise for its use in the military 

community due to the ability to make high mix low volume parts. The process consists of 

a spreading process followed by a lasing process in the sliceôs 2D cross sectional area and 

is repeated cyclically until completion. Factors within the lasing process that influence 

global energy density have generally been well studied in literature: power, scan velocity, 

hatch spacing, and layer thickness. The spreading process has been particularly 

understudied in literature and has the ability to change energy density conditions locally, 

which could lead to porosity or geometric deviations. The spreading process can be 

influenced by the presence of spatter, superelevation, or recoater damage and by process 

parameters such as powder size distribution, layer thickness, and spread speed. Damage on 

the recoater blade can cause topography deviations in that same area of the build over 

multiple layers, which can further influence the local porosity and the geometric profile. 

Replacing the recoater after damage is detected can come at a potential time, efficiency, 

and monetary cost. Further, in-situ monitoring could characterize the deviations in the 

spread profile caused by recoater damage and can further alert an operator to pause, stop, 

or continue the build.  Thus, the criticality of the size of recoater damage and its influence 

on the powder bed and resultant part quality are grounds for subsequent investigation.  

1.2 Research Objectives 
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The overarching goal of this dissertation is to understand the influence of recoater 

wear and its relationships to powder bed quality and subsequent part quality defects while 

integrating layerwise monitoring of the detection and severity assessment of recoater 

damage.  This dissertation will also seek to advance understanding of the effect of recoater 

wear on surface topography defects to create a better understanding of recoater wearôs 

impact on the underlying spreading and manufacturing processes. A high-level schematic 

of the dissertation is shown in Figure 1. The first study will seek to understand the 

spreading process of a damaged recoater blade through modeling and experimental tests. 

Powder spreadability and flowability metrics (AOR and frictional parameters) as well as 

empirical spreading parameters (layer thickness, recoater speed) will be inputted into the 

model. The model will give insight into powder packing and topography variations. The 

topography variations found in this experiment will be compared experimentally to 

emulated recoater wear. The second study will then be a process monitoring capability 

study that will use the recoater damaged bed topography and relate it to optical imaging of 

the process chamber via feature-based and image-based machine learning methods. The 

third study is a quality model that performs a severity assessment of recoater damage in 

printed test coupons, which will likely suffer from internal and external defects. This 

understanding can inform the validity of the concerns of recoater streaking detected in the 

process monitoring capability study.  
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Figure 1: Schematic of the contributions of the dissertation 

Objective 1: Process Model of Powder Spreading Defects in Laser Powder Bed Fusion 

Research question: What is the relative impact of recoater wear, recoating speed, and layer 

thickness changes on powder bed quality? 

A critical aspect of in-situ monitoring systems is detecting flaws in the part or 

process; however, the significance of the defect must be understood. Although previous 

work has investigated recoater damage and its qualitative implications on process defects, 

further efforts are needed to understand the effects of recoater damage and their 

implications on the powder bed. How does the size of recoater wear change the amount of 

damage seen in the powder bed? How does the shape of the recoater wear impact powder 

bed topography? The effects of using a higher spreading speed or a higher layer thickness 

on packing thickness and bed topography with a damaged recoater have not been studied. 
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Could there be a process paradigm to mitigate effects of a damaged recoater via speed or 

layer thickness variations? 

Objective 2: In-Situ Monitoring and Estimation of Spreading Defect Behavior 

Research Question: What is the effect of model features and model architecture on 

regression performance for optical-driven assessments of powder bed quality? 

Although previous work has identified the presence of spreading defects, they have 

not categorized how detrimental the defects are relative to the topography of the powder 

bed. By categorizing the severity of damage, one can alert the operator to reexamine a 

section of the build. One could also characterize the severity of a streaking defect before 

the build starts so an operator could determine if they need to switch out recoaters. What 

machine learning model architectures best characterize the amount of form error in the 

powder bed? How does the selection of input features affect performance? 

Objective 3: Porosity and Geometric Inspection of Parts Printed with Recoater Wear 

Research Question: What is the criticality of powder bed defects on final component 

quality measures of buildability, geometric accuracy, surface roughness, and porosity? 

Knowing what size of defects are present in the spreading images, operators can 

draw conclusions about geometric accuracy, surface roughness, and porosity parameters. 

Will the spreading defects cause deviations in surface roughness and form error? Are the 

spreading defects severe enough to cause porosity in the part? Such deviations and defects 

could cause tolerancing and mechanical performance issues. Is the wear profile of the 

recoater large enough to cause the build to fail?  
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1.3 Dissertation Organization 

The present dissertation is organized into seven chapters. The research objectives 

and motivation are presented in Chapter 1. Chapter 2 is a literature review on powder 

spreading defects, lasing defects, in-situ monitoring, porosity, and surface roughness 

characterization. Chapters 3, 4, 5, and 6 seek to answer the research questions posed in 

Chapter 1. Chapter 3 investigates the impact of the size and shape of recoater damage on 

the relevant powder bed topography profile when exposed to different layer thicknesses 

and spread speeds. The investigation uses both experimental and simulation studies. 

Chapter 4 employs in-situ monitoring combined with various machine learning model 

architectures to predict the relevant topography deviations measured in Chapter 3. Chapter 

5 seeks to understand the mechanics of the powder spreading under a recoater damaged 

region whose wear completely penetrates through the depth of the recoater. This chapter 

explores buildability concerns when using an EDM damaged recoater. Chapter 6 seeks to 

understand the impact of different sizes of natural recoater wear on the relevant form error, 

surface roughness, and porosity profile. Chapter 7 will present the contributions, 

conclusions, future work, and limitations of this dissertation.  
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BACKGROUND  

2.1 Introduction to Laser Powder Bed Fusion 

Laser powder bed fusion (PBF-LB) additive manufacturing allows for the creation 

of parts unable to be made with conventional methods yet is prone to significant internal 

defects due to powder spreading. A significant time and monetary savings advantage of 

PBF-LB is that parts can be used ñas-printedò without necessarily needing heat treatment 

methods such as hot isostatic pressing. Part quality in PBF-LB is driven by many factors 

including volumetric energy density, material composition, and powder bed quality. Due 

to the layerwise nature of the process, PBF-LB parts endure significant thermal cycling 

which can influence surface roughness and porosity, further demonstrating the need for 

fine-tuned volumetric energy density parameters. Powder bed quality is another important 

parameter to consider, as recoater powder interactions can cause significant layerwise 

defects, which also can lead to surface roughness and porosity [1], [2]. Consistent powder 

spreadability is crucial for material performance, as homogeneity in the process will result 

in a higher part density and repeatability [3]. Damage to the recoater can significantly 

impact powder spreadability. Without fine-tuned spreading and energy density parameters, 

the mechanical performance of additively manufactured components will decrease. This 

dissertation will focus on spreadability characterization and modeling as well as an 

investigation of worn recoater spreading.  

2.2 Powder Spreading Process Considerations 
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The flowability of powder is a necessary consideration for a successful spreading 

process. Friction between the surfaces of particles, Van der Waals forces or other 

interparticle forces, mechanical interlocking, and liquid bridging can all cause poor 

spreadability [3], [4].  Powder particle morphology can affect friction and mechanical 

locking [3], [4]. As powders are recycled, their shape can be altered to have inclusions and 

non-spherical geometry. Spherical powders are ideal for preventing mechanical locking 

and lowering surface friction [4]. Moisture can also become entrapped in an oxide layer on 

the particles and can lower spreadability and apparent density. This is especially true for 

aluminum powders. Moisture can also lead to entrapped gas porosity, which is why some 

authors use air pre-drying techniques in aluminum powders [3], [5], [6].  

Powder flowability can be investigated via modeling or experimental setups to 

provide insight to the spreading process. Modeling of powder spreading is computationally 

expensive, yet provides many insights into powder segregation, packing density, and the 

process control regime. Experimental setups often require expensive tooling and 

significant safety considerations or would require that the machine be down to run the 

study. Discrete element method (DEM) modeling can be validated via comparison with 

powder flowability experimental measurements of angle of repose (AOR), avalanche 

angle, and/or dynamic angle of repose [7]. The AOR is one of the most common validation 

metrics and is dependent on flowability characteristics such as sliding friction, rolling 

friction, and surface energy of the powder particles [8], [9]. DEM often involves a small-

scale model of the typical PBF-LB spreading process. There are two models commonly 

used in powder spreading simulations in additive manufacturing: Hertz-Mindlin and Hertz-

Mindlin with Johnson-Kendall-Roberts Cohesion (JKR). The Hertz-Mindlin with JKR 
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approach accounts for surface energy and the influence of Van der Walls forces on the 

cohesion of powder particles [9], [10], [11]. The Hertz-Mindlin with JKR approach is best 

for modeling adhesive systems between particles [12]. The contact force of the Hertz-

Mindlin with JKR approach is shown in equation 1. In this equation, ɔ represents the 

surface energy condition, ὥ represents the contact radius, Ὁᶻ represents the equivalent 

Youngôs modulus, and Ὑᶻ represents the equivalent radius. Equation 2 shows the equation 

for the overlap of the particles. The calculation for the equivalent radius from each 

particleôs radius is shown in Equation 3. The calculation for the equivalent Youngôs 

modulus is shown in Equation 4, where ’ represents the Poissonôs ratio for each particle in 

contact. 

 
Ὂ τ“‎Ὁzὥ

τὉᶻ

σὙz
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Process parameters including layer thickness, powder size distribution, and recoater 

speed must be fine-tuned to provide optimal powder bed spreading performance. The 

powder interaction with the recoater blade has the potential to cause inconsistencies in flow 

and build topography. An increase in recoater speed can promote particle circulation and 
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will increase the speed of particles passing under the interface of the recoater [7], [13], 

[14], [15]. Nevertheless, excessive speeds can lead to powder splashing, leading to a rough 

surface texture in the powder bed and a decrease in packing density [7], [16]. Thus, 

appropriate process parameter selection must be employed to ensure build uniformity, 

allow for process consistency, and prevent manufacturing defects. Decreases in layer 

thickness can lead to problems such as force arches in front of the recoater, which make 

flow underneath the recoater difficult and can lead to jamming [7], [17]. In addition, layer 

thickness must be greater than the size of the powder particles to ensure there are no bare 

sections of spread powder [9], [14], [18]. Bare sections of the plate or areas with lower 

powder packing can lead to manufacturing defects such as voids and porosity.  

Powder size is another important consideration as a decrease in powder size can 

decrease the dynamic angle of repose, leading to improved spreadability [7]. Nevertheless, 

extremely fine powders can cause Van der Walls forces to outweigh the gravitational force 

leading to agglomeration [7]. Agglomeration, also caused by increased surface energy 

density, is particularly detrimental to spreadability, as it can cause bare patches to form in 

the spread layer [7], [19]. Some simulation studies specify a single size powder as opposed 

to the range of powder size diameters that is often found in purchased powder vats. The 

use of a normally or log-normally distributed powder size as opposed to a single powder 

size will allow the smaller particles to fill in gaps and crevices, leading to better powder 

packing. Powder packing considerations are especially important, as deviations in powder 

packing density will disrupt melt pool flow, leading to more process instabilities and 

potential sites for balling to occur [20], [21]. The present dissertation will seek to 

understand the impact of excess wear in the recoater blade and its influence on spreading 
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behavior as a function of speed and layer thickness variations. Understanding how speed 

and layer thickness affect the powder packing density and topography of the bed could 

allow the operator to potentially minimize the processing defects that could be caused by 

a damaged recoater.  

There are many spreading and lasing defects that can alter the final part quality. 

Short coating occurs when not enough powder fills the span of the build plate. This can 

lead to inconsistencies in the topography of the build plate.  Superelevation occurs when 

there is a localized high point in the topography of the part often due to deformation, 

swelling, or thermal instability. These instances of superelevation can interact with the 

recoater during the spreading process, known as recoater hopping, and can cause plastic 

deformation in the blade. The induced plastic deformation in the worn recoater can cause 

streaking in the powder bed. The streaking of the powder bed will cause a localized higher 

cluster of powder within that particular area, which will in turn lead to superelevation or 

balling, as more powder is available to be melted by the laser [22]. Excessive melt pool 

energy can cause impurities, such as smoke and soot which can lead to an unevenness in 

the powder bed [23]. Large spatter or balling particles can also interact with the recoater, 

leading to plastic damage [24], [25]. Significant superelevation can lead to a recoater crash, 

but the level at which superelevation is significant is unknown.  

2.3 Recoater Selection 

Recoaters provide the mechanism for depositing powder feedstock in the build plate 

area and come in various shapes, sizes, and materials but are often dictated by supply chain, 

hardware, or dimensional constraints. The recoater material can be classified as hard (high 
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speed steel or other metals), soft (rubber), or brush (plastic, metal teeth, or bristles). 

Recoaters can also be cylindrical (rotating or non-rotating) or rectangular (scraper) in 

overall form. The geometry and material selection of the recoater is often tailored to the 

machine constraints and parts to be manufactured. Many works have studied the spreading 

process through discrete element method (DEM) simulations to understand how process 

parameters impact the quality of the powder bed [1], [26], [27]. Such tests have even been 

done with different types of recoaters to study the effect of different geometric profiles and 

materials with both DEM and in-situ methods [13], [28], [29]. Hard recoater blades are 

often selected because their stiffness allows them to remove spatter and superelevation that 

is above the layer height at the deposited layer, yielding to more flatness in the powder bed, 

at the expense of being prone to collisions and jamming. To date, prior studies have not 

investigated the impact of intentional recoater damage induced within the hard recoater 

blade. 

In DEM experiments with Ti6Al4V, a non-rotating cylindrical recoater was shown 

to have better spreading and packing tightness than rolling cylinder or rectangular recoaters 

[29]. Slower hard recoater speeds correlate with lower root mean squared (RMS) surface 

roughness; however, this does not apply to a brush recoater which will have increased 

roughness due to the perturbations caused by the form of the recoater [13]. In the same 

study, when the recoater speed increased on a brush recoater, the surface topography 

deviations caused by the granular flow of the particles through the brush recoater were 

diminished. The brush recoater was shown to promote granular convection over the hard 

recoater. Thus, the brush recoater is less prone to the effects of jamming, which can lead 

to a build crash; however, this is at the expense of creating higher topography variations. 
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In electron beam powder bed fusion (PBF-EB), the removal of varying amounts of teeth 

on a brush recoater blade has been shown to cause swelling defects and an increase in lack 

of fusion porosity [22]. Recoater damaged regions also showed significant balling and 

delamination. Remelting could potentially heal such defects, but only if the layer is 

identified by direct supervision or artificial intelligence. The natural thermal cycling of the 

additive process could potentially heal small defects via pore healing. One study found that 

pore healing of surface level lack of fusion porosity could occur due to melt pool 

penetration that caused remelting two layer thicknesses below the powder surface [30]. 

Remelting could also reduce the extreme effects of balling [31], [32], [33], [34].  

2.4 Energy Density Considerations 

Inconsistencies in powder bed topography could potentially limit the effectiveness 

of parameters that make up volumetric energy density. Volumetric or global energy density 

(GED) is a function of power (P), hatch spacing (h), laser velocity (v), and layer thickness 

(t) and is often studied for its effects on part density, porosity, and mechanical performance. 

Equation 5 shows the calculation for global energy density. Porosity caused by non-optimal 

energy densities can detract from tensile performance, creating a need for fine-tuned 

process parameters [35], [36], [37], [38], [39]. Many studies have shown that a decrease in 

laser power can significantly impact part quality and beyond a critical threshold, can cause 

lack of fusion porosity or balling [40], [41]. The same is true of increased layer thickness, 

which can lead to excessive porosity buildup [42]. Qiu et al. [42] noted that in instances of 

higher layer thickness, the porosity was elongated but all powder particles appeared to be 

melted. Qiu et al. also found that layer thickness increase was more detrimental to surface 

roughness than an increase in laser speed. Further quantitative investigation is needed into 
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local variations in topography and their relative impact on porosity and surface roughness. 

The present dissertation will seek to relate notch size of recoater wear to bed topography 

deviations, surface roughness values, porosity size, and porosity network characteristics. 

 
ὋὉὈ

ὖ

ὺz Ὤz ὸ
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2.5 Porosity, Surface Roughness, and Geometric Accuracy Considerations 

PBF-LB lends well to the creation of unique parts that cannot be made with 

conventional subtractive manufacturing methods. PBF-LB parts are often used ñas-

printedò and suffer from significant surface finish quality loss compared to subtractive 

methods. Surface roughness in PBF-LB is influenced by many factors including the 

location within the build plate, part size and orientation, contouring strategy, selection of 

hatch spacing, scan speed, and laser power values [43], [44], [45]. Surface roughness is 

particularly detrimental to part quality and can impact fatigue performance [46], [47].  A 

control strategy consisting of remelting the surface when the predicted roughness is above 

a threshold of 3 micron, allowed for increased average tensile performance compared to 

non-optimized parts [48]. Such control operations could be used to even out the bed quality 

but could have upper limits of the topography deviations that it may be unable to heal.  

Powder size distribution has not been shown to have a significant impact on the upskin 

surface roughness results [43], [49]. While size distribution may have limited effect, the 

spread quality of the surface could be very influential to the surface roughness. Previous 

work that tested parts subject to recoater damage found an increased Ra value between the 

damaged and non-damaged sets [50]. The criticality of the size of the damage profile and 
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its impact on the surface quality was not assessed in the prior work. Thus, there is a need 

to correlate different sizes of recoater damage to the resultant surface roughness profile. 

One of the biggest challenges to the adoption of PBF-LB is its porosity content. 

Specifically, lack of fusion porosity, which is greater than 100 micron and tends to form in 

an irregular shape, is particularly detrimental to the mechanical performance of the part. 

When lack of fusion porosity is seated perpendicular to the pull direction in tensile testing, 

it has shown to have reduced the ultimate tensile strength values [51]. The percent density 

values of the part have shown to also play a role in the tensile performance. One work 

found that percent density values of less than 99% with suboptimal energy density 

conditions were shown to have worse tensile and fatigue performance than those that were 

fully dense [52]. Spreading defects like recoater streaking have the ability to change the 

energy density locally by causing a local change in the build topography behavior. A study 

comparing hard (or rake) recoater blades with brush based recoater blades saw an extra 

accumulation of powder in the gaps between the teeth of the brush blade at low speeds 

[13]. One study theorizes that recoater damage could have caused uneven spread quality in 

the spreading performance of a hard recoater blade [28]. That study does not further qualify 

the damage profile seen on the blade itself or determine if the damage occurs in the same 

position over multiple layers.   

The impact of recoater damage on porosity and geometric accuracy has been 

studied in previous works. In electron beam powder bed fusion (PBF-EB) one study 

intentionally removed several brush bristles on their brush recoater set-up [22]. The setup 

with more bristles removed had greater local porosity content, including lack of fusion 

porosity. The sections of the parts exposed to greater recoater damage also had significant 
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swelling at that region of the surface. In another study, parts with overhangs were 

intentionally chosen to induce damage into a plastic recoater blade [50]. Parts that were 

subjected to the damaged sections of the recoater showed lower ultimate tensile strength 

values and lower elongation at failure. The authors found that the flatness of the parts 

doubled between the damaged and non-damaged sets. Recoater damage has the potential 

to impact mechanical properties, flatness and form errors, and porosity content, but the 

criticality of the size of notch wear on the hard high speed-steel recoater blade itself has 

not been previously investigated. Often hard or rake recoaters are chosen for dimensional 

accuracy goals, as they are able to shear off any superelevated material and as a result are 

prone to notch like wear. Swapping out hard recoaters can come at a time, monetary, and 

efficiency cost. Thus, finding the criticality of the sizing of recoater wear can improve 

efficiency while maintaining part qualification goals. 

2.6 Inspection of the Powder Bed 

Laser line profilometry presents a method to inspect the quality of the powder bed. 

Prior work has used the profiler to detect simulated porosity in the build [28], [53]. Prior 

works have also examined the spreading profile with different types of recoater blades [28]. 

Authors have also mentioned the potential impact of recoater damage in some of the 

streaking artifacts they witnessed in their output images [28], [53]. These studies do not 

correlate the damage on the recoater itself with the damage seen in-situ and do not make 

any mention of the size of damage on the recoater itself that caused such spreading 

problems. These studies did not consider the impact of layer thickness and spread speed on 

the amount of damage accumulation they saw.  
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Another work used a line profile camera attached to the recoater arm and coupled 

with a linear encoder to measure the topography profile of the powder bed [54]. Although 

their method is able to acquire a surface topography of the entire build plate with given 

modifications in resolution, a brush recoater was used in the spread process which will 

often reduce vibrations compared to the hard recoater blade. Such vibrations could 

potentially impact results if a sufficiently stiff mounting piece is not able to be constructed.  

Their ability to fit a camera on the recoater arm during the build process is subject to the 

space availability within the machine, thus the envelope of the camera may be too large to 

successfully fit in the build chamber area. This prior work also focused on part quality, not 

the quality of the powder spreading process itself.   

 In-situ process monitoring methods allow for an operator to inspect the behavior of 

the build and powder at various points during the manufacturing process. Build plate level 

camera systems are a common method of monitoring process deviations. They have been 

shown in other works to detect instances of excess warpage and deviations in the bed 

topography such as streaking, hopping,  superelevation, short coating, debris, and spatter 

[55], [56], [57]. In one paper, the authors implemented a machine learning model to detect 

regions of spreading defects from build plate images [56]. One work used line profile 

measurements to detect the presence of damage [58]. Another study uses a machine vision 

backend to preprocess any spreading defects and combined this with the performance of a 

support vector machine or a multilayer perceptron [23]. Another work used a bag of words 

approach to determine the type of spreading defects present in an image [59]. Prior 

literature has not related such deviations in build level imaging to a ground truth size of the 
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damage in the powder bed profile. Thus, these authors did not give an indication of the 

severity of the damage. 

2.7 Image Filtering Method Considerations 

Filtering methods are often incorporated into the image processing scheme to better 

contrast between multiple different objects within an image. The small envelope of the 

powder bed machine makes adding additional lighting challenging. Thus, there is a need 

for image filtering methods to assist in object detection. One study chose to implement a 

median filter on their images to reduce the amount of noise found in the extracted image 

and smoothen intensity gradients [22]. Another work used convolutional filters to sharpen 

the captured in-situ images [60]. Anomaly free images are used to serve as a baseline for 

the intensity mask and have been combined with a gaussian filter to remove uneven lighting 

conditions [59]. Other works have also used similar background subtraction methods on 

post-lasing images by determining the average background intensity in the powder spread 

images and then applying the absolute value of the difference in intensities [61]. This was 

shown to reduce variability in the part area while maintaining appropriate contrast between 

the part and the powder bed background. The impact of lighting conditions on the 

detectability of the laser scan direction from the lased images has also been studied [61]. 

The authors found that the detectability of the scan direction was more difficult when the 

scan direction was at a 90 degree angle to the two lighting sources applied, but otherwise 

the impact of different lighting sources was minimal. Another work combined images from 

multiple lighting conditions to increase the detectability of flaws found in in-situ images 

[62], [63]. The works have not addressed how filtering methods can impact the ability of a 
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model to detect powder bed quality defects when exposed to multiple different lighting 

conditions.  
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RECOATER DAMAGE AND ITS IMPACT TO POWDER BED 

TOPOGRAPHY  

3.1 Introduction  

Laser powder bed fusion (PBF-LB) allows for the manufacture of parts with 

complex shapes and designs. The cyclic spreading and lasing processes in PBF-LB have 

the potential to cause geometric inaccuracies and porosity if their parameters are not fine-

tuned to the machine configuration and material. Specifically, the spreading process has 

been understudied especially in the experimental domain. Spatter or superelevation present 

in the powder bed could potentially plastically collide with and cause wear on the recoater 

blade. The significance of the amount of wear and its impact on the resultant spread profile 

has not been investigated in literature. This dissertation chapter consists of a series of 

experimental spreading tests to understand the influence of notch size, layer thickness, and 

spread speed on the resultant topography profile as measured by laser line profilometry. A 

smaller scale simulation was conducted via the discrete element method to understand how 

particles behave in areas of recoater wear subject to different wear profiles. In the recoater 

damaged regions the impact to the pack density, average particle size, excess powder 

volume, dynamic angle of repose, and topography deviations were gleaned from the 

simulation results. Results of the experimental spread test and simulation will inform 

potential mitigation strategies for when recoater damage is detected in the spreading 

profile. In all, this work seeks to identify the criticality of recoater damage and its 

corresponding to its impact on the powder spread profile.  
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3.2 Materials and Methods 

The material of choice for these experiments is stainless steel 316L. The powders 

used in this experiment were from the manufacturer Kennametal and were recycled as 

much as six times prior. A Malvern Mastersizer 3000 was used to measure the powder size 

distribution. The powder size distribution (PSD) curves comparing the simulated and 

experimental PSD compositions are shown in Figure 2. The D50 amount for both the 

simulated and experimental regime is around 21 micron. The DEM simulation is powered 

by the Altair EDEM Software. The baseline parameters of the simulation are shown in 

Table 1 below. Note that in the DEM literature, the reduction in the order of magnitude of 

the shear modulus by a factor of 100 is common and has not significantly impacted the 

results in prior works [18], [64]. The equipment and the bulk material have the same 

parameters as well, which is a common approach to reduce computational time in the DEM 

literature [65]. To make sure that the DEM simulation has appropriate correspondence to 

the in-situ spreading experiments, a Hall-Flow Test based on ASTM B212-21 was 

compared to a simulated version of the test [66]. The results of the correspondence are 

shown in Figure 3 below. The correspondence between the simulated and experimental 

values are very similar, within a degree of each other, thus the model is computationally 

relevant to the experimental regime.  
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Figure 2: Number density PSD for experimental (exp) and simulation (sim) work 

Table 1: DEM Parameters 

DEM Simulation 

Parameter 

Value 

Poisonôs Ratio 0.25 

Solids Density 7980 kg/mm3 

Shear Modulus 8.4*107 Pa 

Coefficient of 

Restitution 

0.64 

Coefficient of Static 

Friction 

0.5 

Coefficient of Rolling 

Friction 

0.01 

Surface Energy 0.01 J/mm2 

Particle Interaction 

Model 

Hertz-Mindlin with 

Johnson-Kendall-

Roberts Approach 

Boundary conditions X (wall condition- 

perpendicular to spread 

direction) 

Particle Distribution Normally Distributed 

D50 21 micron 

Save Time Step 0.002 seconds 

Track Size 1.25 mm x 1.25 mm 

Dosage 1.5x volume for the first 

layer and 2.1x volume 

for the second layer 
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Max Time Per 

Simulation 

37 hours 

 

 

Figure 3: a) Angle of repose for the experimental work b) angle of repose for the 

simulation 

 The in-situ spreading test was performed on an EOS M280. The recoater used in 

the experimental spreading work was a high-speed steel recoater blade from the 

manufacturer that has damage induced via electrical discharge machining (EDM) as shown 

in Figure 4. There are seven induced notches with sizes listed in Table 2 below. The sizes 

of these notches were based on the size limitations of the EDM as well as the size of damage 

observed on a previously heavily worn recoater blade. The default parameters used in the 

printing process of this machine with the given PSD profile are 80 mm/s spread speed at 

40 micron layer thickness. Spread speeds and layer thickness values were chosen to be in 

excess and in detriment of the nominal values. Spreading experiments were conducted with 

three levels of recoater spread speed, 40 mm/s, 80 mm/s, and 120 mm/s and three levels of 

layer thicknesses 20 micron, 40 micron, and 60 micron. There were two replicates taken at 

each spread speed and layer thickness combination. The build plate was leveled with a dial 

pin indicator and the recoater leveling was checked with a feeler gage per manufacturers 

recommendation. The spread powder was then ensured to be level by optical operator 
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inspection, which is typical for the machineôs print setup procedure. In each spreading 

experiment the base layer of the powder bed is approximately 0.02 mm after several initial 

setup clearing passes, and the leveling was never adjusted after its establishment on the 

first tested parameter set. Nine additional layers were spread at the given speed and layer 

thickness values with triple coat dosing. The powder was cleared off the build plate in 

between experiments with a paint brush.  

 

Figure 4: EDM damaged recoater bar a) front b) bottom view with seven levels of 

induced notches and their sizing as indicated in Table 2 below 

Table 2: Recoater damage size from left to right as appeared in Figure 4 

 
Notch 1 Notch 2 Notch 3 Notch 4  Notch 5 Notch 6  Notch 7 

Length 

(mm) 

0.277 0.371 0.485 0.569 0.661 0.874 0.954 

Width 

(mm) 

0.364 0.408 0.539 0.625 0.721 0.994 1.084 

Depth 

(mm) 

0.748 1.012 1.394 1.681 1.952 2.396 2.683 

 To determine the topography deviations within the build, the recoater arm was 

outfitted with a custom mount to allow a Keyence LJ-X8080 laser line profiler to scan 

different sections of the spread powder bed. All spreading tests were conducted on the same 
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build plate. The set-up for these experiments is shown in Figure 5. The Keyence LJ-X8080 

can capture a 100 mm by 40 mm section of the spread material with an x, y, and z resolution 

of 0.0125 mm. The output of the laser line profilometer could have bias in its leveling due 

to any potential tilt in the mount or on the powder bed. To combat this, the MATLAB 

findpeaks function combined with a custom matching function based on the difference 

between the peak profiles allows for alignment of the peak profiles across the 313 line 

samples of a single laser line profilometry scan. Form leveling was done on five localized 

regions of interest within the flat sections of the spread profile in between the peaks caused 

by recoater damage. The peaks detected on the form-corrected surface caused by recoater 

damage were analyzed using the findpeaks function for their height, width at half 

prominence, and prominence. Due to the setup of the laser line profiler, dead zones can be 

present where the powder particles are occluded from the camera view, especially any 

corner artifacts in the scan. These regions were filtered out in the height and width deviation 

calculations by examining for prominences that were not within three times the standard 

of deviation and applying this filter to their corresponding height and width deviation 

measurements.  
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Figure 5: a) Keyence LJ-X8080 setup in EOS M280 machine from a previous 

experiment b) setup of simulation experiment 

 The DEM simulations consisted of two spreading passes. The DEM simulations 

used the same speed conditions as in the spreading test. The first layer was an initial 0.15 

mm pass at the investigated speed and the second layer was spread at the investigated speed 

and 40 micron layer thickness. Several different recoater notch wear profiles were tested, 

and their front profiles are shown in Figure 6 with sizing shown in Table 3. The size of the 

largest notch was based on the second smallest notch in the experimental spreading tests. 

The simulated spreading test sought to probe the impact of the depth of the damage, which 

cannot be induced on the physical recoater blade due to EDM limitations.  This study 

employed different damage depths spanning from an undamaged recoater to the full depth 

of damage in 25% increments. The simulation study investigated an additional recoater 

with the complete depth, but half of the cross-sectional area of the second smallest notch 

from the experimental spreading test. 
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Figure 6: Recoaters used in the simulation set-up a) no damage b) half cross-sectional 

area c) full volume of damage d) 25% depth of damage e) 50% depth of damage f) 

75% depth of damage 

Table 3: Notch sizing for DEM simulated spreading experiments 

Recoater ID Max Notch Length 

(mm) 

Notch Width (mm) Notch Depth (mm) 

No damage - - - 

Half Cross- 

Sectional Area 

0.186 0.204 0.282 

Full Volume 0.371 0.408 0.282 

25% Depth 0.371 0.408 0.071 

50% Depth 0.371 0.408 0.141 

75% Depth 0.371 0.408 0.212 

The volume deviation above the final layer height (0.19 mm) as shown in Figure 

7a is measured by drawing a region of interest above the final layer height in the powder 

spreading region and reporting the volume of particles measured by the EDEM software. 

The pack density and average particle diameter were investigated across different regions 

of the spread profile as shown in Figure 7b and Figure 7c. A single unit grid size of 

approximately 0.208x0.208x0.0845 mm was repeated through the regions of the spread 
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profile. Many of the powders in all simulations did not reach the 0.19 mm final layer height, 

as the D50 diameter was around 0.021 mm which would require two particles smaller than 

the D50 to stack on top of each other to achieve the full recoater height with the given 0.04 

mm layer thickness.  Thus, the grid size in the z-direction was chosen based on the final 

height of the recoater blade minus the D50 size of the simulated powders (0.169 mm) 

divided in half. To account for positional effects, a second grid matrix of the same 

individual unit grid size was offset in the x and y directions by half the x and y size of a 

single unit grid.  In the z-direction the placement of the unit grids was offset by half of the 

size of a grid to capture the middle region of the spread quality. Any unit grids with low or 

insufficient amounts of powder were removed from consideration when calculating the 

pack density. This was particularly prevalent near the edge of the simulation space and 

when the recoater notch region ran out of powder. The pack density fraction was the 

amount of volume accumulated by the powder particles in a grid divided by the grid 

volume.  

The final height deviation in the simulated topography profile was measured by 

taking the average maximum height of the powder particles in the identified unit grids in 

the damaged region and subtracting the average maximum height for the non-damaged 

region. The grid sizing and location within the Z-direction was adjusted so the boundary 

was set at the final layer height. The grid locations in the XY plane are kept constant. The 

dynamic angle of repose was measured by looking at the YZ plane from one end of the 

simulation to another as shown in Figure 7d. To measure the local angle of repose in the 

recoater damaged region, a clipped region of ¾ of the width of the notch is established as 
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shown in Figure 7e and Figure 7f below. All angle of repose measurements were taken at 

the nearest timestep to a little less than halfway through the final spreading pass. 

 

Figure 7: a) Extracted volume for final layer height b) grid spacing on xy plane for 

pack density c) grid spacing in xz plane for pack density d) ISO view of setup for 

dynamic angle of repose experiments e) localized dynamic angle of repose analysis 

section in its front view f) localized dynamic angle of repose analysis section in its ISO 

view 

3.3 Results 

3.3.1 Experimental Spread Tests 
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A sample line profile scan is shown in Figure 8. Form deviations at the top edge of 

the profile in the Y-direction can be attributed to the surface finish on the plate and potential 

form correction leveling approximations. The influence of the first notch is not discernable 

in most spreading conditions, which is why this work will focus on the second smallest 

notch size and above for analysis. This could be due to interactions between the surface 

quality of the build plate, the powder, and the recoater, not necessarily due to the recoater 

notch itself. The height and width at half prominence deviations for the 2nd, 4th, and 7th 

smallest notches (notches 2, 4 and 7) are shown in Figure 9. The error bars represent the 

standard of deviation of the peak and width measurements across the sampled space. 

Results of the experimental test show layer thickness had limited impact on the form height 

deviation especially when heavier notch wear was present. Spread speed, however, plays a 

more significant role, especially in heavier wear profiles. As the spread speed increased, 

the form height deviation decreased. Layer thickness does not play a significant role in the 

width deviation; however, there appeared to be a clear impact of the spread speed on the 

width deviation caused by recoater damage. As the spread speed increased, the width 

deviation increased. The deviations in height and width topography at different spread 

speeds could be due to the angle of repose changing at higher spread speeds [1] and will 

be further investigated in the DEM simulations used in this work. Layer thickness was 

shown to be less of an impactful parameter in changing the dynamic angle of repose in 

prior literature [19] and as such will not be investigated in the simulation domain.  
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Figure 8: Sample spread test with 40 mm/s speed and 40  micron layer thickness 

 

Figure 9: Height deviation at a) notch 2 b) notch 4 c) notch 7. Width at half 

prominence deviation at d) notch 2 e) notch 4 f) notch 7 

3.3.2 Simulated Spread Tests with Different Recoater Wear Profiles 
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The influence of the overall size of the recoater with the second smallest notch from 

the spread test, the profile of half its cross-sectional size, and the undamaged recoater and 

their subsequent impact on the form of the simulated powder bed are shown in Figure 10 

below. Note the dip close to the edge was likely due to the amount of powder accumulation 

decreasing in that region due to potential interactions on the edge. All spreading was done 

at a constant speed of 80 mm/s. The form deviation in the half cross-sectional area size 

case was slightly above one layer thickness, 0.0470 mm. Whereas for the full damage, the 

form deviation, 0.0781 mm, was equivalent to almost two layer thicknesses. In practice, 

this could cause significant impacts to the local global energy density (GED) conditions 

and could potentially lead to lack of fusion regions [22], [67].  

 

Figure 10: Sample spread height deviations for the a) no damage condition, b) half 

cross-sectional area, and c) the simulated spread test of the full notch volume at 80 

mm/s spread speed 

 The same investigation was conducted to understand the impact the depth of the 

recoater damage profile has on the spread topography. The impact of the notch depth 

profile on the form deviation is shown in Figure 11 below. At 25% of the full depth, the 
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form deviation is 0.0242 which was about half of a layer thickness. Since the powder 

particles in the non-damaged region were at a height less than the final height of the 

recoater, there were likely few powder particles above the final layer height in the damaged 

region. At 50% depth, the maximum form deviation was a little less than one layer 

thickness, 0.0365 mm. At 75% depth of damage, the form deviation was a little over one 

layer thickness, 0.0541 mm. The form deviation in all these cases was much less than the 

form deviation in the full volume of damage simulation (0.0781 mm). Thus, the depth of 

damage was an important parameter to consider as higher depths will lead to more form 

error, which in turn will lead to localized GED differences that could turn into porosity or 

balling and could even cause build failure [39], [68], [69]. 

 

Figure 11: Sample spread deviations for a) non-damaged recoater, b) 25% of the 

depth, c) 50% of the depth, d) 75% of the depth, and e) full volume of damage 

In the regions taken above the final layer height, the total volume of accumulated 

powder in this region is shown in Figure 12 below. Increasing the depth of the notch profile 

increases the amount of excess accumulated powder volume, with the full volume of 

damage notch showing the most excess volume. Spreading with full volume of damage 

notch caused a 45% increase in the intended volume in that region. The intended volume 

was approximated by the area of the eight grid sections that encompass the damaged region 
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multiplied by the layer thickness of 40 micron. The excess volume of powder will impact 

the localized GED conditions and could potentially lead to lack of fusion porosity, balling, 

or geometric defects. In the 25% depth of damage case, the wear on the recoater caused a 

0.6% increase in the intended volume in that region. Further simulation or experimental 

testing could confirm if there is a threshold for which the topography deviations and excess 

volume accumulation is not significant enough to impact geometric accuracy or the 

porosity profile of the as printed part.  

 

Figure 12: The total volume above the final layer height for each spread test at 80 

mm/s spread speed 

In the control spread simulation, the pack density fraction was lower in the regions 

closest to the surface of the powder bed (0.52 vs 0.61 and 0.59) as shown in Figure 13 

below. The average pack densities are within the range reported by other authors of 50-

61% for 316L and other PBF-LB materials [70], [71], [72]. The differences in pack density 

across the simulated powder bed are likely due to waviness in the surface of the part and 
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smaller particles potentially settling downward. In the simulations subject to recoater 

damage, the regions closer to the final layer height had an increase in packing density with 

a value of 0.56 relative to the control simulation which had a value of 0.52. This was 

attributed to the grids that pass underneath the recoater damage being under significant 

amounts of powder. Thus, powder particles were better able to settle underneath the excess 

material and show similar behavior to that in the mid and lower regions of the control 

spread simulation. Further, the average powder particle size diameter in each of these grid 

regions is shown in Figure 14. There was a slight decrease in the average powder particle 

size as the grids move further away from the surface (0.0213 vs 0.0212 vs 0.210 mm for 

the control case). This further confirms that smaller powder particles settle in the regions 

of the previously spread layer. 

 

Figure 13: a) Non-damaged simulated recoater spread pack density fraction across 

different height ranges b) pack density for all simulated worn recoaters across 

different height ranges. All simulations run at a spread speed of 80 mm/s  
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Figure 14: Average diameter of powder particles in a) non-damaged simulation b) 

across all damage simulations at 80 mm/s  

3.3.3 Spread Testing at Different Speeds 

To further understand the impact of different spread speeds on the behavior of the 

powder bed at the particle level, DEM spreading simulations are conducted at the three 

different speeds tested in the experimental setup. The simulation setup used for the non-

damaged recoater blade, 50% depth of damage, and full volume of damage recoaters. The 

topography deviations after the final timestep of the spreading simulation are shown in 

Figure 15 below. Spreading at a slower speed removed the depleted region near the end of 

the spreading simulation. The depleted region in the 80 mm/s and 120 mm/s simulations is 

likely caused by interactions between the recoater, powder particles, and the edge boundary 

meant to contain the powder. Prior literature has also seen diminished surface finish quality 

at higher spread speeds [1].  There was an apparent decrease in the maximum height 

deviation above the approximated form leveled surface as recoater spread speed increases 

in the 50% depth notch wear case. This matches the general trend observed in the 

experimental work. The decreased height deviations at faster speeds in the 50% depth of 
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damage case are likely due to faster moving particles colliding with powder ahead of the 

forward moving front in the damaged region. The impact of spread speed on the height 

deviations in the full volume of damage case does not yield clear results. Since its 

corresponding notch in the experimental setup was one of the smaller notches tested, there 

may be a more profound impact as the amount of cross-sectional wear increases. Dosage 

and the size of the simulation space could have also contributed to the differences in 

performance between the simulation and experimental regimes. 
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Figure 15: Simulated spread test with non-damaged recoaters at a) 40 mm/s, b) 80 

mm/s, and c) 120 mm/s. Spread test with 50% depth of damage d) 40 mm/s e) 80 mm/s 

f) 120 mm/s. Full volume of damage recoater spread test at g) 40 mm/s h) 80 mm/s i) 

120 mm/s. 

Figure 16 shows the impact of the volume of powder above the final layer height 

for the different spread speeds and the 50% notch depth and full volume of damage 

simulations.  The impact of spread speed was clear for both notch sizes, as there was an 

apparent reduction in deposited volume as the spread speed increased.  As expected, there 

was an increase in volume of powder deposited as the depth of recoater damage increased. 
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The full volume of damage simulation at 40 mm/s yields a 52% increase local to the grid 

regions subject to recoater damage. When spread speed was increased to 120 mm/s, there 

was a 40% increase in volume. A powder volume increase could significantly impact GED 

locally as the laser must penetrate through a thicker layer. In the 50% depth case at 40 

mm/s the local excess volume accumulation in the recoater damaged region caused a 22% 

increase in volume. The 50% depth of damage case simulation at 120 mm/s caused a 

buildup of only 6%, suggesting that faster spread speeds and selectively retiring recoaters 

based on the depth of the wear profile could further mitigate the form deviation and excess 

powder volume. Further investigation of the interaction of these localized powder volume 

increases and the lasing profile merits consideration for future work.  

 

Figure 16: Volume above final layer height for simulated full volume of damage and 

50% notch depth at 40 mm/s, 80 mm/s, and 120 mm/s 

The dynamic angle of repose is a common spreadability metric that measures the 

angle of the powder forward moving front ahead of the recoater as indicated in Figure 17. 

The results show that the dynamic angle of repose (DAOR) increased as spread speed 



 39 

increased. Except in the 40 mm/s case, the dynamic angle of repose appears to be minorly 

impacted by the addition of recoater damage. The 40 mm/s case having different DAOR 

values could be due to measurement and simulation set up limitations, so further 

investigation in a larger simulation space could further validate this claim. The simulation 

shows that recoater damage has a limited impact upstream and downstream of the damaged 

section. An operator could potentially adjust the part location for a future build or turn off 

parts in a current build if recoater wear is detected. Since the dynamic angle of repose is a 

global measurement taken at the side of the simulation, there could be local changes in the 

section where the recoater notch passes through. A front view of the dynamic angle of 

repose at the same timestep is shown in Figure 18. In the full volume of damage case there 

appeared to be a dead zone in the spread region below the notch damage where the teal 

powder particles appeared to be not moving or moving at a very slow speed. The full 

volume of damage spread simulations at speeds 80 mm/s and 120 m/s had powder particles 

from the forward moving front that appeared to travel along the top and edges of the powder 

dead zone. The width of the dead zone appeared to increase with increasing speed. In 

measuring the width using the image processing software, Inkscape, the width of the dead 

zone in the full volume of damage spreading experiment at 40 mm/s was 0.12 mm, 0.16 

mm in the 80 mm/s simulation, and 0.17 mm in the 120 mm/s case. Thus, this could further 

explain why the experimental results show an increase in the width of the topography 

deviation as spread speed increases. The height of the dead zone was also measured using 

Inkscape and appears to be consistently around 0.267 mm for all spread speeds (40 mm/s, 

80 mm/s, 120 mm/s) when spreading with simulated full volume of damage notch. Since 
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the dosing of the heap generation was the same between all simulations, this likely was the 

determining factor in the height of the dead zone. 

 

Figure 17: Dynamic angle of repose for no damage at a) 40 mm/s b) 80 mm/s c)120 

mm/s, 50% depth at d) 40 mm/s e) 80 mm/s f)120 mm/s, and full volume of damage at 

g) 40 mm/s, h) 80 mm/s, and i) 120 mm/s as viewed from the side profile as indicated 

in Figure 7 
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Figure 18: Front view of Figure 17 at the same time step. The dotted line in between 

the simulations represents the bottom of the recoater blade. Velocity profile ahead of 

the recoater for non-damaged recoater at a) 40 mm/s, b) 80 mm/s, c) 120 mm/s, 50% 

depth of damage at d) 40 mm/s, e) 80 mm/s, f) 120 mm/s, and full volume of damage 

at g) 40 mm/s, h) 80 mm/s, and i) 120 mm/s 

 When inspected locally in ¾ of the width of the notch region, the dynamic angle of 

repose varies depending on the amount of notch wear depth in the 80 and 120 mm/s cases. 

The local change to the dynamic angle of repose is shown in Figure 19. In the 80 and 120 

mm/s simulation, the local dynamic angle of repose decreased drastically as notch wear 

increased. The effect was most pronounced at the 120 mm/s case. For the 40 mm/s spread 

case the local angle of repose measurements showed less of a consistent trend. In the 40 
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mm/s case all measurements regardless of recoater wear condition were within 15 degrees 

of each other. The slower speed promoted more stagnation, which was why the angle of 

repose did not vary drastically, as opposed to the higher spread speed cases which had more 

granular convection.  

 

Figure 19: Dynamic angle of repose local to the middle ¾ of the worn notch width 

with no damage recoater at a) 40 mm/s b) 80 mm/s c) 120 mm/s, with half depth of 

damage recoater at d) 40 mm/s e) 80 mm/s f) 120 mm/s, and the full volume of damage 

recoater at g) 40 mm/s h) 80 mm/s i) 120 mm/s 

3.4 Discussion 

The local dynamic angle of repose variance at different speed and notch size 

combinations could explain the decreasing topography height deviations observed at 

increasing spread speeds in the experimental spreading tests. Some authors report that 
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spread speed and layer thickness deviations have limited impact to flowability, but 

increased spread speeds can cause more granular convection whereas slower speeds can 

cause jamming effects [19]. In that work, the authors also used a somewhat smaller and 

slower range of spread speeds, so potentially their experimental setup could not have 

probed the range of the effect. Other works show an increase in the dynamic angle of repose 

as spread speed increases when tested with various different types of recoaters [1], [13]. It 

is likely that frictional parameters and surface energy conditions play a more significant 

role in determining the dynamic angle of repose (in the absence of recoater damage) [19]; 

however, the discussion of how the dynamic angle of repose changes due to recoater spread 

speed cannot be neglected. Other works have noted that the dynamic angle of repose varies 

as a function of the amount of powder provided and the positioning within the spread 

simulation [73]. In the present work, perhaps the difference in dosage between the 

simulated and experimental setup and the small simulation space could explain the average 

height topography deviation values in the full volume of damage simulation not matching 

the trend for the experimental spread tests. The dosage amount in initial ñplate fillingò 

passes that are used to place a thick layer (0.15 mm used in this experiment) as well as fill 

in any crevices between the build plate and the walls enclosing the volume could also 

impact the sizing of the height of the dead zone region. The height of the dead zone powders 

appears to be determined by the initial dosing amount as it was measured consistently at 

0.267 mm in all spreads speeds tested. In the experimental results, a laser line profilometry 

test was conducted on the topography deviation in the base layer of the 40 mm/s speed and 

20 micron layer height case. The topography deviation in the form leveled profile for the 

initial base layer was 0.22 mm for notch 2, 0.42 mm for notch 4, and 0.79 mm for notch 7 
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compared to the topography deviation measured after spreading nine additional layers: 0.21 

mm for notch 2, 0.40 mm for notch 4, and 0.71mm for notch 7. The limited change in these 

topography height deviation values after spreading multiple layers further suggests that the 

height of the topography deviation was likely heavily influenced by the dosage amount in 

the initial plate filling pass. The height of the topography deviations of these notches in the 

experimental spread tests at 40 mm/s and 20 micron layer thickness were between 0.16 and 

0.24 mm less than the length of the notch. Thus, powder particles are likely flowing through 

the top of the notch and are settling in the initial spreading pass which would account for 

this deviation. In the simulated spreading test, the dosage was chosen based on 

computational time and setup limitations and as such did not extend above the height of 

the notch in the worn region. 

Based on simulation results on the full volume of damage case, powder particles at 

faster spread speeds are theorized to interact with the heap formed in the dead-zone and 

slide down the accumulated region. The maximum height of the moving powder particles 

increases at higher spread speed. These powder particles can reach heights above the dead 

zones and are also moving at a faster speed and could collide with particles at the top of 

the dead zone. These collisions could cause a decrease in height of the dead zone and the 

moving particles could settle along the edges of the dead zone either inside recoater 

damaged section or even merge with the powders in the forward moving front. The dead 

zone of the forward moving front appears to widen as spread speed increases (0.12 mm in 

the 40 mm/s simulation, 0.16 mm in the 80 mm/s simulation, and 0.17 mm in the 120 mm/s 

case), which may account for the width deviation increasing at faster spread speeds.  
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 In looking at the simulation results, the impact of the volume of accumulation of 

powder above the final layer height can be reduced by using a faster recoater spread speed. 

Nevertheless, this comes at the expense of faster spread speeds causing the powder bed to 

have inconsistencies in the spreading profile [1]. Prior studies have shown that the laser is 

able to heal lack of fusion defects present two layers thicknesses from the surface [30]. 

Perhaps a similar phenomenon to pore healing can occur with the spread topography 

deviations where the laser can successfully penetrate through the region with limited 

impact to porosity and swelling and geometric deviation. Thus, a balance between the 

overall surface spread quality and diminished local deviations in surface topography merits 

further consideration. The global dynamic angle of repose had generally similar values at 

the same speed regardless of the presence and size of recoater damage. Thus, an operator 

could foreseeably not place parts within the wake of the recoater notch region in their build 

design. This could potentially prevent the operator from having to change the recoater 

blade between builds.  

3.5 Conclusion 

The simulated and experimental spreading tests conducted in this work show that 

the presence of recoater damage can significantly impact powder bed quality. In the 

experimental spreading tests, there was no clear impact of different layer thicknesses on 

the height and width deviations in the topography profile. Spread speed, however, was 

shown to significantly impact the height and width deviations in the topography profile. 

As spread speed increased, the height of the topography profile decreased. Upon viewing 

the spreading simulation, this is theorized to be caused by the change in the dynamic angle 

of repose as well as powder particles at faster speeds potentially colliding with powder 
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particles at the top or settling along the side of the dead zone. In the experimental spreading 

tests, as spread speed increased, the width of the topography deviation increased. This was 

theorized to be a result of the gap in the recoater damaged section widening because of the 

changes in the velocity profile of the forward moving front. Further, the simulation showed 

that spread speed increases could potentially reduce the amount of volume accumulation 

above the final layer height. The increase in volume was 52% for the 40 mm/s spread speed 

simulation vs 40% for 120 mm/s spread speed in the full volume of damage simulation. 

The shape of the recoater damage also plays a key role in the form deviations. When 

simulated notch had 25% of its depth damage, the height deviation was 0.0242 mm (half a 

layer thickness deviation) as opposed to 0.0781 mm (almost two-layer thicknesses) for the 

full volume of damage case. Thus, one could selectively retire recoaters based on their 

depth profile. When testing the simulated dynamic angle of repose, there was no significant 

impact globally when subject to different wear profiles. Thus, recoater damage could 

impact spreadability locally as opposed to globally. In all, this work seeks to help 

understand the criticality of the size and shape of recoater damage and its subsequent 

impact on the powder bed. 
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SIZE PREDICTION OF RECOATER DAMAGE TOPOGRAPHY 

DEVIATION VIA MACHINE AND DEEP LEARNING   

4.1 Introduction  

In-situ monitoring in laser powder bed fusion (PBF-LB) presents a paradigm for 

progress towards born qualified parts. The technology has proven useful in many 

applications such as monitoring for geometric error, layer-wise part defects, and spreading 

defects. The significance of spreading defects is particularly understudied, especially in the 

experimental domain. Recoater damage can be particularly detrimental to mechanical 

performance, as it lends to topography deviations in the build, which could cause porosity, 

geometric inaccuracies, and potential build failure. This work seeks to use feature-based 

and image-based machine learning architectures with in-situ layer-wise monitoring to 

predict the amount of topography deviation within recoater damaged sections. The height 

and width of the topography deviations were measured after the spread profile is exposed 

to multiple different sizes of recoater wear at different recoater spread speeds and layer 

thicknesses. The acquired images had different image filtering methods applied to see if a 

particular image filtering method could increase prediction accuracy. In all, this work seeks 

to find the ideal configuration for the prediction of topography height and width deviations 

when the powder bed is exposed to recoater damage.    

4.2 Materials and Methods 

4.2.1 Recoater Damage Spreading Experiments 
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The inputs of these machine learning experiments consisted of a build layer image 

of the state of the powder bed after spreading with a damaged recoater. The wear in the 

recoater was induced via electric discharge machining (EDM) and was based on sizing of 

the wear found in a previously used, heavily worn recoater blade and as well as EDM 

limitations. There were seven sizes of recoater damage studied in this experiment including 

a non-damaged region. The spreading experiments consisted of spreading at three different 

scan speeds and layer thicknesses on an EOS M280 PBF-LB machine. All spread tests used 

stainless steel 316L powders with a D50 of 21 micron. The dataset also consisted of two 

different spreading strategies, the first meant to simulate the damage in an un-lased region 

after nine additional layers from the base layer and another meant to emulate the 

simplifications of a spread model with the discrete element method. After each spread test, 

a CMOS camera with approximately 70 micron resolution captured an image of the entire 

build plate area. Two different lighting conditions of overhead light and combined 

overhead and side lighting were captured to allow additional images for the training set. 

The camera and lighting setup is shown in Figure 20 below.  
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Figure 20: Build area monitoring equipment in EOS M280 (left) and setup of Keyence 

LJ-X8080 (right) 

The resultant peak height and width of the spreading defects served as the predictors 

for this experiment. The topography deviation in the recoater damaged region was 

measured via laser line profilometry using a Keyence LJ-X8080 which has been mounted 

on the recoater arm as shown in Figure 20. The machine has an x, y, and z resolution of 

12.5 micron. The average peak deviation was processed using code from prior works to 

establish the form leveled profile and then the MATLAB findpeaks function was employed 

to extract the average peak height and width at half prominence sampled every 100 pixels 

(313 instances) over the scanned region [28], [74]. Any instances that have prominences 

that are greater than three times the standard deviation were removed. This was mostly the 

case for cornering artifacts in the line profile. A sample difference in the peak and width 

deviation at different notches, layer thicknesses, and recoating speeds is shown in Figure 

21 below. The first spread strategy uses a nominally thick base layer (approximately 0.02 

mm) and nine additional layers at the desired layer thickness. The second spread strategy 
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used a 0.15 mm thick base layer and has one additional deposited layer at the desired layer 

thickness. The two different sets of spreading strategies yielded similar results in terms of 

their topography height and width deviations. The width of the form deviations in the 

spread profile were clustered at lower wear states at the tested speed and layer thickness. 

Layer thickness was not seen to be particularly impactful; however, there appears to be a 

significant impact of spread speed on the resultant topography profile, especially in 

instances of larger recoater wear. Generally, as spread speed increases the resultant 

topography height decreases while the width increases.  

 

Figure 21: Height deviations for a) smallest notch b) medium sized notch c) largest 

notch. Width deviations for d) smallest notch e) medium sized notch f) largest notch. 

S1 and S2 represent the different spreading strategies. 

4.2.2 Image Monitoring System Setup for Model Inputs 
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The images captured from the camera monitoring system served as the inputs for 

two different machine learning categories: feature-based algorithms (non-linear and linear 

regression) and image-based (deep learning). The images were perspective corrected, 

projective transformed, and image intensity corrected. The perspective correction was 

conducted with a checkerboard calibration artifact with known size. The projective 

transformation was conducted via known fiducials at known sizes and locations that were 

printed in a previous experiment. A flat field correction followed these image 

transformations. Since the camera system and machine do not move between setups, the 

same sequence of transformations was applied to the spreading images captured in this 

experiment. The regions of recoater damage were identified manually and are cut into 

patches to be fed to the different machine learning algorithms. The position of the damage 

within the cut patch will vary to allow for a diverse dataset. The process workflow is shown 

in Figure 22 below.  
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Figure 22: Image processing workflow with no filter applied. DL refers to the image-

based deep learning architecture and ML refers to the feature-based nonlinear and 

linear regression architectures. 

The effect of different filtering methods on the regression prediction accuracy will 

also be studied in this dissertation chapter. This dissertation chapter compares noising, 

denoising, a multimethod processing approach based on the prior work of Scime et al. [59], 

and the image without any additional filters applied. The noising methods used in this 

dissertation chapter are an image adjustment filter, histogram equalization, and the adaptive 

histogram method. The denoising methods used in this dissertation chapter are a gaussian 

filter, median filter, the Scime method, and a Weiner filter. In the image-based deep 

learning setup, all images were normalized to allow for better performance. The results of 
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the application of different filters are shown in Figure 23 below. All image filtering 

methods were tested in the feature-based nonlinear and linear regression algorithms. The 

image-based deep learning setup used the image adjustment filter, the gaussian filter, and 

no filter applied based on the appearance of their normalized images. These methods were 

chosen because the gaussian filter was able to remove some of the excess noise and the 

image adjustment filter does not add too much additional noise to the normalized image. 

 

Figure 23: Image filters used in the feature-based and image-based machine learning 

architectures 

4.2.3 Machine Learning Model Setup 

This dissertation chapter will compare the performance of different machine 

learning architectures, both image-based and feature-based. The dataset for both the 

nonlinear feature-based models and the image-based deep learning models was partitioned 

as an 80/20 split consisting of training/validation and a holdout set for testing. The 

training/validation set was split into five k-folds and the best performing fold parameters 

was used in the holdout set. The feature-based linear regression model was trained on the 
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entire training/validation set. The same data was partitioned for the training/validation and 

holdout sets for the deep learning, feature-based nonlinear regression, and feature-based 

linear regression; however, due to integration limitations, the data for each fold could not 

be repeated through the different configurations. 

Several different non-linear feature-based models were tested including gaussian 

process regression, generalized additive models, and tree ensemble regression methods. 

The input features to the non-linear feature-based models and feature-based linear 

regression models were characteristics of the image. Feature selection was determined 

based on F-test and correlation coefficient results. Hyperparameter optimization was 

employed for each feature-based nonlinear regression method using the built-in MATLAB 

optimization tests. The training time for each of the feature-based machine learning models 

took less than 20 minutes including hyper optimization. The feature-based linear regression 

model was fit using the same input features from the non-linear feature-based setup.  

The image-based deep learning model will test three different architectures: 

AlexNet adapted for regression applications [75],  ResNet50 adapted for regression 

applications [76], and a six layer CNN model adapted from prior work in the geospatial 

domain that predicts object size [77]. A graphic representation of the modified setup of the 

six-layer CNN model is shown in Figure 24 below. Pretrained weights were employed in 

the AlexNet and ResNet50 setup. All deep learning methods were tested using Bayesian 

optimization to establish the optimal input L2 regularization, initial learning rate, and 

momentum parameters within the selection range shown in Table 4 below. No image 

processing filter was applied to the optimization dataset. This dataset was partitioned from 

a validation set on one of the sample folds. The Bayesian optimization tests different 
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process parameter configurations over a 30 epoch interval with a maximum 14 hour 

optimization time. The final parameters used in the image-based deep learning setup are 

shown in Table 5. The training for the three image-based deep learning models stopped 

after 100 epochs or 15 epochs with limited change in the root mean squared error (RMSE) 

values. The parameters with the best validation RMSE value were chosen for use in the 

holdout set. On average, the training time (not including Bayesian optimization) for the 

6LCNN setup was 17.5 hours, 3.8 hours for the AlexNet model, and 7.1 hours for the 

ResNet50 model. The deep learning models run on a desktop with a Nvidia Quadro M5000 

GPU with 8 GB of dedicated GPU memory. 

 

Figure 24: CNN architecture modified from [77] 
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Table 4: Optimization parameters for image-based deep learning setup 

Parameter Range Scale 

Initial Learning Rate 1*10-6 to 1*10-1 Logarithmic 

Momentum .8 to .98 Numeric 

L2 Regularization 1*10-10 to 1*10-2 Logarithmic 

Table 5: Final parameters used in image-based deep learning setup 

Parameter AlexNet ResNet50 6 Layer CNN 

Initial Learning Rate 0.0025 (height) 

3.7319*10-8 (width) 

0.0028 (height) 

0.0015 (width) 

1.8021*10-4 

(height) 

0.0018 (width) 

Learning Rate 

Scheduler 

Piecewise Piecewise Piecewise 

Learning Rate Drop 

Factor 

0.1 0.1 0.1 

Learning Rate Drop 

Period 

40 Epochs 40 Epochs 40 Epochs 

Batch Size 32 32 32 

L2 Regularization 9.5788*10-4 

(height) 

0.0052 (width) 

1.1437*10-10 

(height) 

1.0066*10-10 

(width) 

6.2303*10-5 

(height) 

0.0011 (width) 

Momentum 0.9782 (height) 

0.8005 (width) 

0.9799 (height) 

0.9408 (width) 

0.9799 (height) 

0.8755 (width) 

4.3 Results 

4.3.1 Feature Selection 

 Feature selection was performed on seven different features including: greyscale 

standard of deviation (GSTD), average greyscale value (AGSV), maximum greyscale 

value (MXGSV), min-max greyscale value (MMGSC), line profile min-max value 

(LPMM), median greyscale value (MDGSV), minimum greyscale value (MNGSV). All 

features were tested with each image processing method for their use in the topography 

height and width deviation prediction. The features were evaluated using F-test and 

correlation coefficient methods. The greyscale standard of deviation and the line profile 
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min-max are the two best performing features, followed by the min-max greyscale value. 

A sample F-test and correlation coefficient matrix is shown in Figure 25 below.  

 

Figure 25: a) Sample F-test on predicting the width deviations with no image input 

filter added b) Sample correlation coefficient test for width deviations with no input 

filter added 

This study investigated the impact of the number of input features on model 

performance. The experiment will use three input features, as this total dataset contains 

two different spreading methods which create 497 total spreading events before splitting 

the image sections into patches, which results in 7,455 patches. Thus, by conservative 

estimate, training the model with three features should have enough independent spreading 

events to prevent overtraining. This dissertation chapter will also test how the models 

respond to two input features for training to see the performance change with less features. 

The study will also test the performance of the feature-based machine learning algorithms 

when only ten percent of the three-feature training data is used to assess if the algorithm 

performance is still stable with less data. 
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 The feature pair plots for the three selected features are shown in Figure 26 below. 

The features selected have moderately strong correlation coefficients when predicting the 

peak height deviation, which is further shown with the linear trajectory of the clustering 

band. The observed clustering is not very tight, which would likely induce prediction error. 

The width prediction pair plots are not as tightly clustered and further prove the need for 

nonlinear machine and deep learning.  

 

Figure 26: Feature plots for a) height deviation vs pixel intensity STD b) height 

deviation vs line profile min max difference c) height deviation vs min/max pixel 

intensity d) width deviation vs pixel intensity STD e) width deviation vs line profile 

min/max pixel intensity f) width deviation vs min/max pixel intensity  

4.3.2 Feature-Based Machine Learning Results 

4.3.2.1 Width Prediction 
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The feature-based machine learning regression models are evaluated for their R2, 

mean squared error (MSE), and residual values. The R2 and MSE results using different 

feature-based machine learning methods to predict the width deviation are shown in Figure 

27 below. In general, the R2 values varied significantly depending on the used input image 

filter. The highest R2 value of 0.66 is found using a gaussian process regression model and 

two features paired with the image adjustment filter. The difference in performance 

between the use of two or three input features of the gaussian process regression model 

with the image adjustment filter applied is very small (0.66 compared to 0.65). The image 

adjustment filter combined with the gaussian process regression model and two input 

features used has the best MSE performance (0.0318). This was only slightly lower than 

the performance with the same input filter and model with three features (0.0334).  When 

only ten percent of the data is used, the histogram equalization filter coupled with a 

generalized additive machine has the best average performance, although the image 

adjustment filter saw similar performance. The best feature-based linear regression model 

had a R2 value of 0.5803 and a MSE of 0.0398 with three features and using the image 

adjustment filter. 

Hypothesis tests were used to confirm trends in the feature-based machine learning 

performance. Herein, all normality assumptions will be tested with a Lilliefors Test. In 

using a One- Tailed Paired Wilcoxon Sign Rank Test on the R2 values from the differing 

feature-based (linear regression and non-linear) machine learning and image filtering 

combinations, the test rejects the hypothesis (p=3.02*10^-5) that the difference in medians 

between the R2 values for the three and two feature tests is zero. The test further finds that 

the three-feature set had a larger median value. However, using most image filtering 
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methods, the reduction in the number of features of the training did not cause a drastic loss 

in performance. The adaptive histogram method was an exception, as it had a significant 

performance decline when only two input features were used. The limited performance 

difference between the two and three feature implementations means that the machine 

learning features are well chosen. The differences in performance between the three feature 

dataset and the reduction of training dataset were slight despite a statistically significant 

result with a One Tailed Paired Wilcoxon Sign Rank Test (P=4.16*10-7). The suggests that 

the feature-based machine learning algorithm architectures were stable. The noising 

methods generally show a significant performance improvement over the denoising image 

filtering methods, when the R2 performance values are tested using a One-Tailed Wilcoxon 

Sum Rank Test (p=1.08*10-5). The impact of the different nonlinear and linear regression 

feature-based machine learning methods were not found to have significantly differing 

medians when tested on the three feature setup with a Kruskal Wallis test (p=0.0878). The 

general trends in ranking the image filters within each of the feature-based nonlinear 

regression and feature-based linear regression models are similar; the magnitude of their 

values slightly differ. While the best performing feature-based linear regression model had 

a R2 value of 0.58, the best performing feature-based nonlinear regression model had a R2 

value of 0.66 thus showing a performance improvement over the feature-based linear 

regression model. For the prediction of the width deviation, feature-based nonlinear 

regression algorithms generally show limited benefit over feature-based linear regression. 
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Figure 27: R2 analysis for a) three feature width prediction b) two feature width 

prediction c) three feature width prediction with 10% of the training data. MSE 

analysis for d) three feature width prediction e) two feature width prediction f) three 

feature width prediction with 10% of the training data 

 An analysis of the algorithm that yielded the best MSE at each feature input 

condition has the residuals of its test prediction shown in Figure 28 below. The residuals 

for all features and training data reduction sets had their means centered close to zero (range 

for 9.59*10-4 to 0.002 mm). This means that the data was not biased towards over or 

underpredicting the width deviation. The standard of deviation on the residuals range from 

0.1783 to 0.1939 mm. The standard of deviations were large, as they are greater than double 

the variance of the spreading topography deviations (0.0917 mm). This necessitates the 

need for additional algorithm process improvements. Image-based deep learning methods 

will be tested in future sections to try and combat the large standard of deviation.  
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Figure 28: Residual value plots for the width prediction test set with a) three features 

b) two features c) three features with 10% of the input training data 

4.3.2.2 Height Prediction 

The R2 and MSE performance of the height prediction models are shown in Figure 

29. The height prediction data had a better R2 performance than the width prediction data. 

In terms of R2, the best setup uses three input features with an ensemble regression 

approach and a histogram equalization filter and has a R2 value of 0.84. This combination 

also had the lowest MSE value of 0.0065. The best feature-based linear regression model 

had a R2 value of 0.83 and a MSE of 0.0068 using the histogram equalization filter and 

three features. The same setup using two features showed the same result. Using a One-

Tailed Paired Wilcoxon Sign Rank Test, the three feature algorithm and image filtering 

pairs showed a higher average than the two feature (p=1.59*10-5). Although the 

performance improvement was statistically significant, the differences between the 

performance of an image filtering input set across the different models and features tested 

were generally small. Although a one-tailed paired t-test (p=2.93*10-6) shows increased 

performance of the three feature model vs the three feature model with the reduced training 

data, the differences in performance were slight. This means that the model architectures 

were stable. In comparing the impact of the different linear and non-linear feature-based 
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machine learning implementations, an ANOVA Test found that the four feature-based 

machine learning methods had similar distributions when tested on the three-feature input 

dataset at the 1% significance level (p=0.0285). A similar conclusion was found for the 

two feature and the reduction in training data sets. The differences in performance between 

the best feature-based nonlinear regression and linear feature-based regression models are 

slight (0.84 vs 0.83). In comparing the significance of noising filters on the three-feature 

dataset, the One-Tailed Wilcoxon Sum Test shows that the noising filters did not have an 

increased performance over the denoising filters (p=0.1008). Thus, the addition of noising 

filters did not seem to improve the model performance when predicting the height 

deviations. 

 

Figure 29: R2 performance for peak prediction with a) three features b) two features 

c) three features with 10% of the input training data. MSE performance for peak 

prediction with d) three features e) two features f) three features with 10% of the 

input training data  
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 Figure 30 shows histograms of the residual values of the height test prediction. The 

presented plot at each feature input used the image filtering method and feature-based 

nonlinear regression algorithm pair with the lowest MSE value. The residuals were 

centered within one powder size of zero (range 0.0016- 0.0046 mm), which means that the 

algorithm does not bias the prediction in one direction over another. The residual standard 

deviation range across the different tested feature setups is 0.0805 to 0.0819 mm. These 

values were lower than in the width deviation prediction, but the precision of the models 

could still be further refined as the standard of deviation is almost triple the variance 

between measurements of the height topography deviation data (0.0392 mm). 

 

Figure 30: Residual plots for a) three feature set b) two feature set c) three feature 

with 10% of the training input  

4.3.3 Image-Based Deep Learning Results 

4.3.3.1 Width Prediction 

Image-based deep learning methods are used to improve the regression 

performance of the width prediction feature-based machine learning models. The results of 

the R2 and MSE values for the image-based deep learning prediction of the width is shown 

in Figure 31 below. The AlexNet architecture paired with an image adjustment filter 
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produced the largest R2 of 0.90 and lowest MSE score of 0.0098. Although no hypothesis 

tests can be conducted due to low sample size, the image adjustment filter shows a higher 

average R2 values and lower MSE values than the gaussian filter and adding no input filter. 

The gaussian filter performed worse than adding no filter at all, which could potentially be 

caused by the normalization of the filter struggling to segment the differences in the 

topography deviation at low levels of wear. The AlexNet and ResNet50 have slightly 

higher R2 values than the six layer CNN setup, perhaps because they are fine-tuned with 

pre-training. The performance has significantly improved from the feature-based machine 

learning in terms of both R2 and MSE values. 

 

Figure 31: Image-based deep learning width prediction result plots for a) R2 

performance b) MSE performance 

 The residual values for the algorithm image filter pair with the lowest MSE was 

shown in Figure 32 below. The average residual value was -0.003 mm, which was within 

one powder size of zero, meaning the algorithm does not bias prediction in one direction. 

The standard of deviation of the residual values is 0.0988 mm, which was about half of the 

residual standard of deviation in the feature-based nonlinear regression case. The variance 
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of the in the measured experimental topography width deviations is 0.0917 mm, which was 

slightly smaller than the residual standard of deviation. Thus, the prediction accuracy was 

on par with differences between the ground truth test data. 

 

Figure 32: Residual plot for the image-based deep learning width prediction 

4.3.3.2 Height Prediction 

The R2 and MSE values for the prediction of the height deviation within the powder 

bed are shown in Figure 33 below. The performance trends were generally very similar 

across the different image-based deep learning implementations tested at a given image 

filtering method. The image adjustment filter performs the best in terms of MSE and R2 

performance. Like in the width prediction case, the use of the gaussian filter performed 

worse than not using a filter at all. The best performing image-based deep learning image 

filter pair was the AlexNet architecture with a R2 value of 0.91 and a MSE of 0.0036. 
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Figure 33: Result plots of a) R2 value and b) MSE value for the deep learning 

prediction of the height deviation 

 The residual values of the test set are shown in Figure 34 below. These results were 

from the AlexNet architecture paired with the image adjustment filter. The average value 

of the residuals is -6.87*10-4 mm, which was within one D50 powder size of zero. The 

standard of deviation of the residual values was 0.063 mm which is an improvement over 

the feature-based nonlinear regression setup but was still double the variance of the data of 

the measured topography deviations (0.0392 mm). Further fine tuning of the network 

design and parameters could potentially decrease the residual standard of deviation.  
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Figure 34: Residual values of image-based deep learning test set prediction of the 

height deviation 

4.4 Discussion 

When predicting the width deviation with both feature-based and image-based 

machine learning implementations, the noising filters performed better than the denoising 

filters. While the noising approach may make streaking deviations more noticeable, this 

may not work as well for other spreading defects in the powder bed as it adds additional 

noise. Some works have used a single denoising filtering operation before segmentation 

[22], [78]. Others have combined denoising filters with thresholding prior to segmentation 

operations [79]. Employing additional operations to the image filters adds computation cost 

and setup considerations. Generally, prior works have chosen filtration schemes to 

smoothen intensity variations to further remove noise [22]. Nevertheless, streaking artifacts 

represent themselves as intensity differences within the powder bed. Given the natural dark 

field lighting conditions present in these images, noising filters can help improve contrast 

and segment small sized streaking that may be difficult to observe in denoising images. 

Some prior works have used adaptive histogram methods to enhance edge contrast for 
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layerwise part inspection in PBF-LB in-situ monitoring [80]. Perhaps a combination of 

noising and denoising filters will allow for enhanced detectability globally and merits 

further investigation.  

The image-based deep learning approach (maximum R2 0.90 and 0.91) outperforms 

the feature-based nonlinear regression approach (maximum R2 0.66 and 0.84), at the 

expense of longer training time and a GPU setup. In the feature-based nonlinear regression 

investigation, the prediction of the width deviation had lower maximum R2 values (0.66) 

than the prediction of the height deviation (0.84). Perhaps additional features could be 

developed in future work to better represent the width deviations in the patch line profile. 

The performance of the nonlinear and linear feature-based algorithms was generally stable 

when the number of features or the size of the input training set was reduced. This suggests 

good model stability. The hypothesis tests employed in this dissertation show that the 

different feature-based nonlinear and linear regression approaches have similar ranked 

medians of their performance with the tested image filtering methods. Thus, the trends in 

the performance of the various image filtering methods are not impacted by the model 

applied.  In the width prediction, the best nonlinear feature-based regression model has a 

significant performance improvement over the linear regression model (maximum R2 0.66 

vs 0.58). In the height prediction case, the performance improvement between the feature-

based nonlinear regression and feature-based linear regression prediction was slight 

(maximum R2 0.84 vs 0.83).  The residual values of the image-based deep learning width 

prediction algorithm were close to the variance of the ground truth dataset itself. This 

performance was much improved over the feature-based nonlinear regression case. 

Although the residual values did decrease between the prediction of the height deviation 
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between the feature-based nonlinear regression and image-based deep learning case, the 

standard of deviation of the residuals was still twice the variance of the predictor dataset. 

Further fine tuning of input parameters, weights, and networks may decrease the residual 

prediction standard of deviation. Although this model generally predicts the height and 

width deviation well when given an input patch of a section of material, it is not detecting 

the exact location of the region of the defect like in prior works [56], [81]. In a commercial 

monitoring setting, the presented algorithms would be an add on to a region detection 

algorithm.  

4.5 Conclusion 

This study explores the impact of using different feature-based and image-based 

machine learning formulations to predict the average height and width values of the 

topography deviation in the powder bed. When predicting the height deviations there was 

not a big difference in the best performing nonlinear feature-based model performance 

compared to that of the feature-based linear regression model (maximum R2 0.84 vs 0.83). 

The prediction of the width deviations did show a more significant improvement between 

the best performing feature-based nonlinear regression and feature-based linear regression 

models (maximum R2 0.66 vs 0.58). The implementation of image-based deep learning 

drastically improved the performance on both prediction models when using noising filters 

applied to the image and had a maximum R2 value of 0.91 and 0.90 for the height and width 

predictions respectively. The image-based deep learning residual values were centered 

around zero and in the width prediction case the standard of deviation of the residual values 

(0.0988 mm) is slightly larger than the variance of the predictor dataset itself (0.0917 mm), 

which suggests good model performance. The image-based deep learning residual values 
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for the height prediction dataset (0.063 mm) are almost double that of the variance of the 

data itself (0.0392 mm) so further fine tuning of the hyperparameters could potentially 

allow for additional accuracy. In all, this dissertation seeks to provide a framework for 

predicting the amount of form deviation from previously identified regions of recoater 

damage. 
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RECOATER DAMAGE POWDER SPREADING MECHANICS  

5.1 Introduction  

Laser powder bed fusion (PBF-LB) additive manufacturing gained popularity for 

the creation of high mix, low volume parts for defense and commercial applications. Parts 

made via PBF-LB can be difficult to qualify due to their variation in performance, even 

within the same build. During the build process, regions of the PBF-LB recoater blade 

could be subject to damage by spatter or superelevation in the powder bed. As a result, the 

worn recoater can potentially cause spreading defects in the localized topography profile, 

which could in turn cause porosity or form deviations.  These process concerns are not well 

understood for their criticality and subsequent impact on part quality. This study will 

investigate the mechanics of recoater damage through two experimental builds. Post-

mortem inspection of the failure region will be conducted with laser line profilometry and 

will help propose a better understanding of the criticality of extreme recoater damage.    

5.2 Materials and Methods 

This dissertation used two builds to study the mechanics of spreading with a worn 

recoater. The first experiment used a build plate layout consisting of a series of bar 

coupons. The second experiment build plate had a series of bar coupons and parts based on 

the geometry of  ASTM E8 specimens [82]. The build plate design for both experiments is 

shown in Figure 35. The first experiment used Kennametal Stainless Steel 316L powders 

that had been sieved six times with a D10 of 14.5 micron, D50 of 20.7 micron, and D90 of 

31.6 micron. The second experiment used one-time sieved Carpenter Additive 316L 
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powders with a D10 of 21.3 micron, D50 of 29.5 micron, and D90 of 43.4 micron. Both 

powder size distributions were measured on a Malvern Mastersizer 3000. The number 

density powder size distribution for both experiments is shown in Figure 36. All prints 

were conducted on an EOS M280 using 928.1 mm/s speed, 214.2 W power, and a hatch 

spacing of 0.10 mm with rotated and alternating hatch spacing. The dosing factor of the 

second experiment was slightly larger to account for the larger D50 values. 

 

Figure 35: a) Set-up of the build plate in experiment 1 b) build plate design in 

experiment 2 
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Figure 36: PSD Compositions of the 316L powders used in experiments 1 and 2 

All recoaters used were purchased directly from the manufacturer and were made 

of high-speed steel. The recoater used in experiment 1 had notch damage that was created 

via an electric discharge machine (EDM), the size of the damage based on the size of notch 

damage in previously worn recoaters and EDM limits.  The recoater used in the second 

experiment had notch wear that was also created via EDM. The smallest notch in both 

experiments was the smallest notch feasible with the EDM setup. Figure 37 shows the 

positioning of the recoater damage and the size of the recoater damage is shown in Table 

6. These images and measurements were captured on a Keyence VR6000 Series optical 

profilometer in low magnification mode with a magnification of 12x. Additional images of 

the recoater blade after failure were captured on a Dyno-lite digital microscope.  
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Figure 37: Recoater bar used in experiment 1 a) front view b) side view. Recoater bar 

used in experiment 2 c) front view d) side view. 

Table 6: Wear profile in experiments 1 and 2 

Experiment 

Number 

Labeled Color Length (mm) Width (mm) Depth (mm) 

Experiment 1 Brown 0.394 0.439 1.063 

Experiment 1 Blue 0.461 0.518 1.285 

Experiment 2 Green 0.377 0.459 0.867 

The as printed parts were scanned with a Keyence LJ-X8080 laser line profiler 

using 8000 lines and a 12.5 micron x, y, and z resolution. The laser line profiler was affixed 

to the recoater arm assembly by a custom mount and is shown in Figure 38 below. The 

laser line profiler was able to capture a sample first layer profile of the spread powder in 

experiment 2. The output profile was analyzed using modified MATLAB code that had 

been developed by previous researchers [28]. A Dyno-lite digital microscope was used to 

capture images of the part surfaces.  
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Figure 38: Keyence LJ-X8080 setup in EOS M280 capturing the part surfaces of 

experiment 1 

5.3 Results and Discussion 

 In the first experiment, build failure occurred in the region of the largest recoater 

damage, as shown in Figure 39 below. Hard recoater blades by their nature will work to 

shear any part deviations above the layer thickness. In the worn region where significant 

notch damage is present, any deviations will be allowed to pass until they form above the 

tallest section of the notch, or spatter or other bed defects get caught in the notch opening. 

Based on inspection of the post-mortem images, it appears that once spatter or 

superelevated debris got trapped in the notch, it at some point interacted with the 

superelevated regions and appeared to roll and pick up molten superelevated material or 
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spatter, forming a bead. As the bead picks up material, it will leave the previous region 

with a dimple formed from removed material. The bead will become so large that it will 

collide with the recoater bar and cause failure.  

 

Figure 39: Location of build failure region in experiment 1 

In the case of experiment 1, approximately 0.80 mm of the build was successfully 

lased prior to failure. The laser line profilometry scan of the parts in the band of highest 

recoater damage is shown in Figure 40. The part surfaces captured with a digital 

microscope are shown in Figure 41. In the region subject to recoater damage and to the 

right of the part at failure (part C4), the formation of the rolled ball bead caused a local 

topographical loss of 0.0705 mm relative to the flat part of the fused surface. The difference 

is about 1.5 times the layer height so there is a potential for porosity to form in this region 

as result of the difference in surface topography. The rolled bead formed at the failure 

location caused a local topographical difference of 0.6534 mm above the fused surface, 

which is larger than the length of the recoater notch that it would be able to pass through 

(0.461 mm). To the left of the failure part section, the recoater damage caused about 0.1741 

mm difference in height, which is about four times the layer height, but roughly a quarter 

of the length of the notch (0.461 mm). Part C6, which waws to the right of the failure region 
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has a form deviation of around .0992 mm, which was less than the region ahead of the 

damaged section. This means that perhaps the sheared material that was stuck in the 

recoater notch could have sheared parts of the profile or there could also be deviations in 

the topography profile due to variability between parts.  

 

Figure 40: Topography profile of parts for experiment 1 in the region of highest 

recoater damage 

 

Figure 41: Parts along the larger recoater damaged section, locations corresponding 

with Figure 40  

 In the area subject to the smaller notch, the surface topology results are shown in 

Figure 42. In the inspection of the recoater after failure, there was a bead stuck in the 

recoater notch section, which is shown in Figure 43. This was likely spatter and/or 










































































