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Abstract
This paper presents a curvature-based analysis of point clouds collected in-process
with fringe projection in a polymer powder bed fusion process. The three-dimensional
point clouds were obtained from outside of the build chamber with a fringe projection
measurement system which was provided with access through an observation window.
The curvature-based thresholding of powder bed point clouds demonstrates the ability
to separate consolidated areas from the powder bed effectively. This segmentation of the
point clouds with masks enables the detection of changes in the outline of consolidated
areas between layers, computation of average drop due to the consolidation of the powder
bed and separate analysis of both powder bed and consolidated areas. The high-level
insights extracted from the analysis of the point clouds could improve process
control strategies, such as in-line defect detection during an additive manufacturing
build as well as an in-process feedback system for tuning the optimal values of
additive process parameters. In summary, we show curvature-based thresholding as an
effective segmentation for fringe projection point clouds, which can be further applied
to detect defects, such as geometric defects and dimensional inaccuracy.
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1. Introduction
Additive manufacturing (AM) has the potential to produce complex, functional
components in small runs at unit costs competitive or better than other forms of
manufacturing. To utilize these potential benefits, however, more research and
development is essential in all aspects of production, ranging from a part material
properties to its dimensional accuracy [1] and surface topography [2]. The specific AM
process studied in this paper is polymer laser powder bed fusion (LPBF), which utilizes a
laser beam as a thermal energy source to selectively fuse the areas of a polymer powder
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bed. The bed is then lowered, and more powder is spread to repeat the process and build
the parts in a layer-by-layer fashion.
For industry to adopt LPBF processes for production, robust quality assurance must
be established [3]. In recent literature, the framework of in-process monitoring and control
is highlighted as a potential approach to address quality issues. Grasso and Colosimo
emphasized the two crucial needs of automated defect detection and process control
strategies for developing smart LPBF systems [4]. Everton et al. remarked there is industry
demand for in-situ inspection and closed-loop control techniques for AM. They proposed
that a priori knowledge of the part and build process is necessary for closed-loop control
[5]. Mani et al. demonstrated the need for real-time control of powder bed fusion processes
by understanding the correlations between process parameters, process signatures and
product qualities [6].
Given the significance of in-process monitoring to improve LPBF processes, the
causes of common defects observed in LPBF processes have been reviewed. Malekipour
and El-Monayri summarized typical defects existing in the LPBF process into four major
categories, which are related to geometry and dimensions, surface quality, microstructure,
and poor mechanical properties [7]. Grasso and Colosimo found six categories of defects,
including geometric defects and surface defects, with four specified sources of defects for
equipment, process, design for additive choices, and powder [4]. Similarly, Everton et al.
listed five major LPBF discontinuities which are porosity within the material, as well as
between layers, balling, unfused powder, and cracking [5].
A significant challenge of in-process monitoring associated with the LPBF
processes is the difficulty to characterize part integrity using conventional methods, such
as with a coordinate measuring machine (CMM), because LPBF processes typically take
place within a closed chamber with limited space, and contact measurements could
interfere with the process. Fringe projection, a non-contact and three dimensional (3D)
measurement technique, has been proposed for surface metrology of metal AM parts [2]
[8] as well as being implemented as an in-situ powder bed measurement technique [9].
However, there is limited reporting of deploying fringe projection as part of an in-process
monitoring system. Zhang et al. proposed the implementation of fringe projection to
measure the surface topography of a metal powder bed and showed that height maps
contain information about the fusion process [9]. In addition to capturing the 3D surface of
the powder bed area, Li et al. demonstrated that polymer powder beds are amenable to
fringe projection system as contours of consolidated areas can be calculated for in-process
control algorithms [10].
Unlike many 3D measurement techniques that only use cameras, fringe projection
produces quantified measurements of the entire powder bed with minimal pixel
correspondence issues. The data captured contain a representation of the surface in the form
of a 3D point cloud. The information collected is helpful to derive insights about
consolidation defects and dimensional inaccuracy. However, there is no perfect sensing
system which can capture all types of defects. Hence, the fringe projection technique has
its limitations, and one of these is the time taken to capture a large set of data points, which
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might be longer than the typical layer build time. A typical scan of the fringe projection
technique can take approximately 10 s, while the time between the beginning of one layer
and the beginning of the next layer in the studied system is at least 10 s and becomes longer
with larger and more complex parts. The time taken for the analysis of point clouds is
needed to keep within the layer build time for understanding the current layer condition
before proceeding to the next layer. However, this limitation can be solved by
downsampling the required points needed for timely analysis of point clouds. Apart from
the disadvantage of high acquisition time, fringe projection only measures the surface of
the powder bed which has little to no information of the layers underneath [11].
Another current limitation of fringe projection as an in-process monitoring system
is its need for calibration, which is required to map the measured points into real-world
coordinates [12]. As well as a potentially challenging system calibration, availability of
point cloud analysis techniques explicitly applied to the application of in-process
monitoring is lacking. Additionally, the data structures and processing methods of 3D point
cloud data are different from those applied to 2D imaging systems [13]. In a recent study,
Southon et al. measured maximum height deviation from the powder bed measurement
point clouds to demonstrate the capability of the fringe projection system to detect defects
early, such as random defects and curling [14]. Southon et al. highlighted the potential of
utilizing point clouds for process signature extraction as part of in-process monitoring and
control system.
This work aims to demonstrate that curvature-based analysis of point clouds can
produce useful features for detecting defects related to geometry and surface quality.
2. Methods
The term point cloud is defined as a set of points represented in a coordinate space.
Rusu and Cousins explained the term as a data structure which represents a collection of
multidimensional points [15]. Weinmann further defined the term as a collection of 3D
points, which are characterized by spatial coordinates which may be assigned with
additional attributes, such as intensity, color, thermal, and other information [16]. The point
clouds in this study are acquired by a fringe projection system that projects structured light
onto the part’s surface and records the distortions of the light pattern induced by the part’s
geometry (the system is further detailed in [11]). The distorted patterns are captured by a
camera and used in the reconstruction of the surface geometry using the least-squares phase
shifting algorithm [17].
The topic of curvature estimation of 3D surfaces represented as point clouds can be
found in literature as early as Kreyszig in 1959, who discussed a detailed overview of
concepts related to the differential geometry of 3D surfaces [18]. Local primitives, such as
surface normals, curvature, and the change of curvature may provide useful information
for the understanding of scanned parts in the form of a point cloud. Both Porteous [19] and
Giblin [20] studied the use of curvature information for analyzing and studying surface
shape. Douros and Buxton presented a review on the curvature estimation topic and
proposed a new surface curvature estimation using a quadric surface representation [21].
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Bae and Lichti proposed using the change of curvature and approximate normal
vector of the surface to determine the registration of point clouds [22]. Jovančević et al.
presented a defect detection and characterization system based on local normal and
curvature properties of point clouds for airplane exteriors [23]. Madrigal et al. proposed a
model-based 3D descriptor based on surface normals of point clouds for automatic surface
inspection [12]. Both articles approach the processed point clouds as 2D images which can
be used for defect detection and surface inspection. Furthermore, Bartkowiak et al. studied
the use of multi-scale areal curvature analysis on the surfaces fabricated by fused
deposition modeling (FDM), one of seven types of AM processes identified by
ISO/ASTM52900-15 [24].
The first feature used for the segmentation of point clouds in this paper is curvature
information. Curvature characterizes a point by its principal curvatures (𝛋𝛋1 , 𝛋𝛋2 ), where
𝛋𝛋1 and 𝛋𝛋2 are the maximum and the minimum curvatures of the surface at a point [25].
𝛋𝛋 + 𝛋𝛋
Gaussian curvature K is defined as 𝛋𝛋1 𝛋𝛋2 , while mean curvature H is defined as 𝟏𝟏 𝟐𝟐 .
2
For estimating the curvature of a surface in 3D space, the quadratic approximation of a
surface S [18] is used in the neighborhood of a point P(𝑥𝑥0 , 𝑦𝑦0 ), 𝑓𝑓(𝑥𝑥0 , 𝑦𝑦0 ), assuming f is
twice differentiated at (𝑥𝑥0 , 𝑦𝑦0 ). The equations for the Gaussian curvature and the mean
curvature of S at P are defined as follows [26]
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Where f and its subscripts are used to indicate the first and second order local
derivatives in x and y. The second feature used in this work is prominence variation. This
is calculated as the distance between each point and a locally fitted, least-squares mean
plane [27], given by all neighboring points within a sphere of kernel radius.
The algorithm flow to calculate curvature and prominence variation is as follows:
for each point P in the point cloud, a neighborhood of points, within the kernel radius, is
selected. The kernel radius is defined as the radius of a sphere within a neighborhood of
points for the curvature estimation and prominence variation calculation. With the points
selected within the kernel radius, the fitted quadratic surface is computed and, therefore,
the curvature values for the central point are calculated. For the prominence variation
calculation, a fitted plane based on the least-squares method is computed for each point
using the neighbors within a chosen kernel radius. The prominence variation values of each
point are calculated based on the distance between each point and this plane. Last, the
curvature values and prominence variation values are assigned back to the point P as
additional information.
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3. Experimental Study
3.1 Fringe projection data acquisition system
The fringe projection system used was a commercial white light scanner, NUB3D
SIDIO XR. The nominal measurement pitch was 75 μm in all three orthogonal directions,
with a build chamber volume of 200 mm × 150 mm × 90 mm, and a stated volumetric
accuracy after calibration of 15 μm. The fringe projection system acquired the
measurements through the operator observation window of a EOS P100 polymer powder
bed fusion machine. For the in-process measurements of the powder bed surface, the
viewing angle was roughly 55° from horizontal. The builds consisted of single tensile test
specimens, with best measurement results being when the test specimens were closer to the
front of the build chamber, due to reduced data drop out in the sections furthest from the
fringe projection system. The build of a single tensile test specimen took thirty layers to
finish and then the 3D scanning process continued for at least ten layers.
3.2 Point cloud curvature analysis flow
The point cloud measurements captured the powder consolidation due to sintering
after each laser beam passed and the curvature values and prominence variation values of
the point cloud were processed. Next, the point cloud measurements with the added
information of curvature and prominence variation were converted into 2D images using
the scattered interpolant method [28]. The 2D images showed the curvature maps and
prominence variation map of both part and powder bed. At this stage, the curvature maps
and the prominence variation map may highlight defects that deviate in term of shape,
dimension or any unwanted surface geometry. The curvature maps were further processed
for mask creation. The region of interest was specified as only the parts for the reduction
of point clouds. The cropped regions from curvature maps and prominence variation map
were then binarized based on Otsu’s thresholding [29], to obtain the part outline. A final
mask representing the outline of a part was obtained by dilation and erosion.
The purpose of the mask obtained in the previous step is to segment the parts from
the powder bed area for defect analysis. A successful segmentation enables the analysis of
any geometric defects occurring either in the parts or powder bed during each layer. The
mask resulting from segmentation was applied to the height map to calculate average drop
due to consolidation for the part. Furthermore, a different mask can be produced for each
layer. From this, the mask of each layer was subtracted from the mask of the previous layer
to detect the outline change over layers. In addition, a separate analysis of powder bed and
the part can be undertaken for defect detection and defect characterization.
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4. Results and Discussion
4.1 Curvature maps and prominence variation map
The curvature-based analysis methods are implemented for the acquired powder
bed point clouds. Each 3D scanned layer of the single tensile strength specimens contains
approximately 290 000 points. Both the curvature maps and the prominence variation map,
which reveal catastrophic defects, warping, and geometric defects, are presented below.
4.1.1 Catastrophic defects
Figure 1 shows three surface analysis maps of the sintered layer of a part with
observed debris on the right-hand side. The debris is a defect which could affect the part
negatively. The debris is detected on the 16th layer of the print, where the right-hand side
of the part is likely disrupted by the powder spreading blade. The unwanted debris is
identified in all three surface analysis maps.

(a)

(b)

(c)
Figure 1. (a) Gaussian curvature map, (b) mean curvature map, c) prominence variation
map of the 16th layer of a failed build with debris discovered on the right-hand side of the
part. This tensile test piece was printed at 165 °C, 17 W laser power with a laser scan speed
of 2500 mm/s and a hatch spacing of 250 µm.
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4.1.2 Warping
Figure 2 (a), (b) and (c) show three surface analysis maps of the final sintered layer
of a part, built with a laser power of 4 W, with severe warping on both ends. For the studied
part, warping, another form of defect which is common in the LPBF process [30], is
observed on many layers including the 30th layer of the specimen, see figure 2. Furthermore,
heaping of surrounding powder can also be identified at about -30 mm in the x-direction.
This phenomenon is similar to the observation made by Southon et al. in [14]. In an ideal
LPBF process, the part should lay flat on the powder bed after laser sintering. However,
the curling effect causes both ends of the part to be elevated. Therefore, the curvature of
the warping issue is easily identified in all three surface analysis maps.
Even after the part has finished printing, the severity of warping can still be
observed throughout the subsequent layers. Figure 2 (d), (e) and (f) show that the
continuing effect of the curled ends of the part remains even after ten layers of new powder
have been spread on top of the part. The elevated edges of the parts are observed in all
three analysis maps while the center portion of the part is buried underneath the powder.
This observation suggests that curvature-based analysis is effective at identifying features
related to the issue of warping.

(a)

(d)

(b)

(e)

(c)

(f)

Figure 2. (a) Gaussian curvature map, (b) mean curvature map, (c) prominence variation
map of the final sintered layer (30th layer) of a successful build with warping on both ends
of the part. (d) Gaussian curvature map, (e) mean curvature map, (f) prominence variation
map of the 40th layer of a build with the continuing effect of warping on both ends of the
part.
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4.1.3 Geometric defects in the part
Figure 3 (a), (b) and (c) show three surface analysis maps of the sintered layer of a
part with a surface protrusion on the left edge of the top part at the 19th and 28th layers. The
surface protrusion, which appears to be a geometric defect, is observed to begin on the 19th
layer of the print and continually developed into a larger protrusion over subsequent layers.
The prominence variation map seems to be less sensitive to surface defects, where only a
smaller region of dots indicates the variation on the local surface. It should also be noted
that a laser scanning line artifact, shown in Figure 3 (c) and (f), is captured on the
prominence variation map. This laser scanning line artifact is likely to be a combination of
individual laser scan lines because about 68 lines can be seen across the 165.2 mm length
of the part, leading to a spacing of 2429.4 µm which is significantly larger than the 250 µm
scan spacing of the laser path.
In the parts measured which were printed at 165 °C with higher laser power, 27 W
and the same scan speed of 2500 mm/s, a random defect occurred on at the 19th layer. The
observation suggests that a geometric defect, such as a surface protrusion, could occur
randomly even with process parameters close to optimal. Hence, the fringe projection can
satisfy the need for in-process monitoring to detect random defects.

(a)

(d)

(b)

(e)

(f)
(c)
Figure 3. (a) Gaussian curvature map, (b) mean curvature map, (c) prominence variation
map of the 19th layer where a surface protrusion, as marked with a red circle, on the left
side of the top part. (d) Gaussian curvature map, (e) mean curvature map, (f) prominence
variation map of the 28th layer where the observed surface protrusion is larger and in the
same region of the top part.
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4.2 Curvature based segmentation for mask creation
The curvature and prominence variation maps are useful for defect identification
on each acquired layer point cloud. However, the need to perform segmentation of parts
from the powder bed is critical in differentiating the location of defects occurring in each
layer. Therefore, the successful segmentation is essential to recognize the severity of
defects by their location. The following results present the curvature-based segmentation
with a mask created using Gaussian curvature, mean curvature and prominence variation,
which captures the shape of the part. Figure 4 (a), (b) and (c) show the results of the three
initial masks after binarizing the respective maps based on Otsu’s thresholding.
In figure 4 (a), the mean curvature-based mask is successful at detecting the edges
of the parts; the black region between two white regions indicates the edge of the part,
while white regions indicate areas surrounding the edge. In figure 4 (b), the Gaussian
curvature-based mask consists of several blobs surrounding the edge of the part, and the
blobs are useful for corner detection, where the corner of the mean curvature-based mask
is missing. In figure 4 (c), the prominence variation-based mask performs better than the
other two masks at outlining the edge of part despite noisy points.
In summary, each initial mask provides additional cues, and they complement each
other when creating the final mask. With the combination of the three initial masks, the
final mask can capture the complete shape of a part, which is shown in figure 4 (d) and (e).
(a)

(d)

(b)

(e)

(c)

Figure 4. (a) mean curvature mask (b) Gaussian curvature mask (c) prominence variation
mask after binarizing surface analysis maps based on Otsu’s thresholding. (d) the result of
a combination of three initial masks which represent the shape of part (e) the final mask is
created after implementing the image processing methods of erosion and dilation.
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4.2.1 Computation of drop due to consolidation
By applying the curvature-based mask to segment the part from the powder bed, the
analysis of powder bed point clouds for an in-process monitoring system can be improved.
One of the process signatures for in-process monitoring is drop due to consolidation, which
provides a basic understanding of the quality of consolidation of layers [9]. Figure 5 and
figure 6 show the segmentation mask applied to the height map and the computation of the
average drop due to consolidation in each layer for point clouds taken at a laser power of
17 W. As Zhang et al. discussed, the average height drop is expected to converge to a
constant value after an initial decrease in the first few layers [1].

Figure 5. Example of a successful segmentation masking applied to a powder bed height
map to compute the average drop due to consolidation. However, there is a small portion
of the powder bed captured within the mask. The information of powder bed surrounding
the part might be accounted into the computation of the average drop which leads to A
slight inaccuracy of the computation. However, this issue can be solved by filtering out the
positive values which appear to be part of the powder bed region.

Figure 6. Average drop due to consolidation for the test part printed at 165 °C with a laser
power of 17 W and a scan speed of 2500 mm/s. Drop due to consolidation increases with
increasing layer count before layer 16 where the debris, shown previously, occurs. From
the 16th layer to the 30th layer, the average drop due to consolidation showed a similar trend.
From the 31st layer to the 40th layer, the positive values of drop indicate that the part is done
and a new layer of powder is deposited, without laser sintering, on each layer.
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4.2.2 Binarized outline change over layers
The powder bed of each layer can be separated into part and powder bed using the
segmented mask. By subtracting each layer’s segmentation mask from the previous layer
mask, a three-valued map, showing the shifts of the contour defining the boundary of the
parts, is created. The two signed values (-1, +1) indicate as the change of the previous layer
and the current layer while 0 value indicates no change between layers. This technique can
help identify powder heaping, which is likely caused by ineffective bed-spreader contact
dynamics [31]. Figure 7 shows the detection of alternating heaping of powder from the 13th
layer to the 15th layer as well as the detection of the deviation of part mask outlines between
layers.

Figure 7. From the 13th layer to the 15th layer, fringe projection point clouds capture the
alternate pattern of heaping of powder. The EOS P100 uses a straight metal powder
spreading blade that travels in an arc across the powder bed. The accumulated powder at
the alternating ends suggests that the powder spreading blade might not wholly smooth the
powder over the submerged, consolidated part. From the 16th layer to the 18th layer, a series
of layer changes is shown with a noticeable deviation from the outline shape of the part.
4.2.3

Separate analysis of powder bed and part

Another contribution of the segmentation mask is to enable separate analysis of the
powder bed and part. Separate analysis of powder bed and part is significant in improving
the defect classification. Figure 8 (a) and (b) show the powder bed and the part at layer 16,
where the debris is detected within the part and also in the powder bed. Figure 8 (c) and (d)
show the curling effect is observed on the powder bed and the part on the 31st layer. The
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ability to split out the part and the powder bed is critical because the separate analysis can
show the location of defects. By knowing the location of defects, the severity of the defects
can be determined and can inform the system whether to continue or stop the printing
process.

(a)

(c)

(b)

(d)

Figure 8. (a), (b) Separate analysis of the powder bed and the part where debris is observed
on the 16th layer. (c), (d) Separate analysis of powder bed and the part where warping is
observed on the 31st layer.
Conclusion
In summary, this work demonstrates that the curvature analysis of point clouds
acquired by a fringe projection system can be used for in-process monitoring of powder
bed fusion to identify catastrophic defects, warping, and geometric defects. Furthermore,
the curvature and prominence variation information can be used to create segmentation
masks for the powder bed and part. This study has demonstrated that a segmentation mask
with no a priori part information can be created and can be used to compute drop due to
consolidation in the region of interest. Also, the segmentation masks enable detection of
changes in the outline of the consolidated areas between layers by comparing the outline
of successive layers. The alternate pattern of heaping of powder and outline shape deviation
of a layer can also be observed. Another contribution of curvature-based segmentation is
the separate analysis of the powder bed and the part which allows for localization of defects.
The insights extracted from the point clouds analysis can be used to inform process
control strategies. The drop due to consolidation is a significant process signature for
determining the quality of layer processing [14]. Being able to compute the average drop
from the height map with an automatic segmentation mask, provides information that can
be used to further the understanding of polymer LPBF. Also, the binarized outline change
over layers could be utilized as an alert for early defect detection during a build. The mask
analysis of the outline change of each layer can be studied for feature extraction suitable
for machine learning classification applications. The output of the separate analysis of both
powder bed and the part can further identify defect types and defect characterization. With
a priori knowledge of the potential causes of each defect type, an in-process closed-loop
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feedback system could be implemented for tuning the optimal values of LPBF process
parameters.
The aim of the next implementation of this research is using curvature-based
segmentation of LPBF point clouds as a real-time analysis tool for in-process defect
detection and classification. A new study on defect classification and associated causes is
ongoing. In conclusion, the application of the novel framework developed herein using a
fringe projection system for in-process monitoring and analysis in a powder bed fusion AM
process will be performed on a real case study.
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