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Abstract Laser beam melting (LBM) enables production
of three-dimensional parts from metallic powder with very
high geometrical complexity and very good mechanical prop-
erties. In LBM, a thin layer of metallic powder is deposited
onto the build platform and melted by a laser according to
the desired part geometry. Until today, the potential of LBM
for critical applications such as medical devices and aerospace
has not been exploited due to the lack of build stability and
quality management. We present an image analysis method,
which segments part contours in high resolution images of
LBM-produced layers. Based on the reference contour from
2D slices of the 3D part model and edge detection results, a
graph model is built and segmented using Graph Cuts (min-
cut max-flow algorithm). Our method is evaluated on 124 part
contours from five build jobs with different part geometries.
Iterative GrabCut segmentation on nonlinearly smoothed im-
ages achieves the best results with a median Jaccard distance
of 0.035 (32 % improvement over the reference geometry
masks) and a mean contour distance below 2.4 px (36.4 %
improvement).
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1 Introduction

As an additive manufacturing method, LBM [1] produces
parts layer by layer. The three-dimensional part geometry is
sliced to obtain a layered representation of the part (2D+1D).
For each layer the LBM system melts metal powder in the
powder bed according to the part geometry using a laser [2].
After the laser exposure, the build platform is lowered and a
new powder layer is deposited. The process is repeated until
the entire part is built. The layer-based principle enables the
production of individual and geometrically complex compo-
nents.

To leverage the potential of the LBM process for appli-
cations such as medical implants or light-weight aerospace
components, thorough quality assurance and non-destructive
testing are required. The National Institute of Technology
and Standards (NIST) [3] identified a lack of in-situ qual-
ity assurance and process control as the main obstacle for
widespread application of LBM. Traditionally, geometry in-
spection has been performed after the production process us-
ing mechanical measurements or shadowgraph techniques [4].
Tactile measurements of the part’s external surface can be
replaced by e.g. 3D scans to achieve automated quality as-
surance. For internal part surfaces (e.g. cooling channels),
however, geometry inspection requires computed tomogra-
phy (CT) which is time-consuming and expensive. Addi-
tionally, CT may even fail for small flaws, e.g. lack of fu-
sion [5], and large components due to the high X-ray atten-
uation coefficients of metallic materials.

The layer-based process enables in-situ inspection of each
layer to detect possible flaws as early as possible. Layer im-
age acquisition has been implemented in many LBM ma-
chines to provide insights into the build process. In layer
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images of the melt result, both external and internal contours
are visible and can be inspected by image processing [6].

In this work we compare and tune different automatic
contour segmentation methods on high resolution layer im-
ages in order to provide an in-situ analysis of part geometry
in LBM processes.

1.1 Related Work

The accuracy of parts produced by LBM methods and their
reproducibility is an important factor that influences the ac-
ceptance of LBM for widespread application. To address
this, several groups have developed test artifacts with chal-
lenging geometrical features and measured the produced parts
by physical methods to determine process limits and de-
fine design rules for LBM. Geometrical measurements were
taken on images created by a shadowgraph [4] or using a 3D
coordinate measuring machine [7]. An extensive literature
review of in-process and post-process measurements can be
found in [3].

Layer Imaging For quality assurance of layer-based addi-
tive manufacturing (AM) processes the acquisition and in-
spection of layer images is a natural choice. Several groups
have presented imaging systems with different objectives.

Craeghs et al. [8] developed an online quality control
system which measures the laser melt pool using coaxial
high-speed thermography and features a camera for visual
inspection of powder deposition. Damage or wear of the re-
coater blade causes stripes in the powder bed which are de-
tected by analyzing image intensity along several line pro-
files [8].

Kleszczynski et al. [9] presented a high resolution imag-
ing system for LBM processes which acquires images of
both the powder bed and the melt result. They manually doc-
umented and categorized common process errors. The sys-
tem was extended to provide automated process documenta-
tion and detect elevated part regions which pose a major risk
to build stability [10].

Recently, manufacturers of LBM systems have integrated
cameras to enable remote monitoring of build progress and
provide process documentation (e.g. EOSTATE PowderBed
by EOS GmbH, QMcoating by Concept Laser [11]). How-
ever, most of these systems are not equipped with automatic
image analysis for geometry inspection and only provide the
user with the data for manual analysis.

Image Analysis There are not many publications dealing with
analysis of layer images from LBM processes but there are
preliminary studies for three-dimensional printing (3DP), i.e.
the process of printing liquid binder to a powder bed. Cooke
and Moylan [12] published a proof of concept for 2D mea-
surements with a vision system using process intermittent

measurements with image resolutions from 10 to 49 µm/pixel.
They installed a camera on top of a 3D printing system and
extracted part contour measurements using Laplacian edge
detection with cubic-spline interpolation for a resolution of
1/10 px. Gatto and Harris [13] used a video-monitoring sys-
tem to capture the build structure layer-by-layer with a reso-
lution of 51.5 µm/px. The low contrast of jetted features was
the main challenge for part segmentation, contrast enhance-
ment by histogram equalization produced an acceptable re-
sult. They used background subtraction for correction of un-
even lighting and thresholding based on a maximum entropy
criterion for the final part segmentation.

Pedersen [14] presented a visual inspection system for
AM systems based on an off-the-shelf DSLR camera and
tested it on laser sintering and LBM. He examined three
methods for segmentation of part regions inside layer im-
ages: k-means segmentation, histogram-based thresholding
(Otsu’s method), and user-assisted threshold selection. After
segmentation, he reconstructed a 3D model from the layer
images and compared it to the original computer aided de-
sign (CAD) model. The presented methods are compared
to a 3D scan of the finished product and achieve a gen-
eral agreement within ±0.02 mm (3D printing with chem-
ical binder), and ±0.5 mm (LBM process), respectively.

Aminzadeh and Kurfess [15] presented an approach to
online quality control using image processing on layer im-
ages where different segmentation methods are examined.
The authors conclude that “the variations of intensity char-
acteristics of powder and fused regions interfere with seg-
mentation of fused region, making it a very difficult task” [15].
Best results are obtained with a combination of thresholding
and additional morphological operations. Later, segmenta-
tion was extended by computing the correlation between
threshold segmentation result and reference part mask to im-
prove threshold selection [16].

zur Jacobsmühlen et al. [6] developed segmentation meth-
ods for part geometries in high resolution layer images and
tried to measure surface roughness of external and internal
part surfaces. They validated their results against physical
measurements and found large differences between image-
based and tactile measurements. This was due to erroneous
segmentations caused by specular reflections and shadows
on the layer surface and melt extensions below the build
layer which influence the surface roughness.

Abdelrahman et al. [17] developed automated methods
for inspection of part surfaces. Based on an imaging setup
first presented by Foster et al. [18] layer images with dif-
ferent lightings are acquired and part regions are segmented
by projecting the reference shapes onto the layer images.
A projective transform between reference shape and layer
image is iteratively estimated by performing an initial seg-
mentation based on active contours [17], the reference shape
then acts as a binary mask for selecting relevant image re-
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gions. This method is effective for inspecting defects inside
the part but does not capture e.g. contour deviations which
extend beyond the expected part shape area. Contour seg-
mentation is only used to obtain the projective transform
(averaged from three layers, then fixed) and not applied to
all layers.

In this work we address the difficulties posed by the sim-
ilar intensities of part regions and powder (background) re-
gions and examine segmentation methods that consider the
spatial relationship of pixels. The available a-priori infor-
mation about the part geometry in each layer is exploited
for initialization in order to provide high accuracy segmen-
tations.

Currently, segmentation methods based on machine learn-
ing such as fully convolutional networks [19] are state of the
art. Due to the small size of the available dataset which lim-
its the training and the high resolution of the layer images
that leads to high memory requirements, these approaches
are not included in this work.

2 Methods

In this section the utilized image data and methods are pre-
sented. First, the properties of analyzed layer images are dis-
cussed. Then, appropriate methods for image pre-processing
and segmentation are described and the evaluation measures
are defined.

2.1 LBM Machine and Material

All experimental build jobs are executed on an EOSINT
M 270 (EOS GmbH, Krailling, Germany) LBM system. Parts
are built from nickel-based superalloys Inconel 625 and In-
conel 718 using proprietary process parameters optimized
for part quality by the Rapid Technology Center (Duisburg,
Germany).

2.2 Reference Geometry Data

For each part layer the desired geometry is obtained by slic-
ing the part’s 3D CAD model during build preparation. The
sliced part geometry serves as reference for geometry in-
spection and may be used for initializing the segmentation.
The geometry is loaded from Common Layer Interface (CLI)
files as polygon contours in a quantized coordinate system
which are converted to binary mask images matching the
field of view of inspected layer images.
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Fig. 1: Rotating laser exposure. The orientation of laser scan
lines is changed after every layer.

2.3 Image Data

Images from LBM processes are acquired using a monochrome
camera with a full-frame sensor (resolution 29 Mpx) mounted
in front of the LBM machine’s window and pointed at the
build layer [10]. Perspective distortion of acquired images is
corrected using a projective transform which is computed
from the locations of calibration markers “drawn” by the
machine’s laser and detected inside the layer images [20].
Depending on the field of view a typical layer image has a
size of 2000 px×2000 px to 3500 px×3500 px and a reso-
lution of 20 to 30 µm/px.

Most LBM systems apply a rotating exposure scheme
to improve the internal part compound, i.e. the orientation
of laser scan lines is changed after every layer (Figure 1).
This also influences the reflectivity and the appearance of
the molten surfaces. To address this issue the imaging setup
uses two orthogonally positioned LED line lights (Figure 2).
The resulting two images show the part with different con-
trast due to the different light paths: the frontal lighting cre-
ates bright part surfaces and dark powder regions, while the
light of the side lighting is reflected away from the camera
leading to an inverted image with dark part surfaces (Fig-
ure 3). As both images contain complementary information
about ambiguous regions, they can be combined by segmen-
tation methods.

Figure 4 illustrates the different appearance of part re-
gions for rotating scan orientation in four consecutive lay-
ers. The part surface exhibits varying image intensities due
to the laser scan line orientation and dark spots at random lo-
cations due to process residue (laser spatter and smoke). The
different appearance of edge regions complicates the detec-
tion of part contours and requires methods which are robust
to local changes in brightness.

During the LBM process part edges may become el-
evated [21] and stand out from the powder bed. In layer
images, elevated edge regions exhibit specular reflection or
shadows depending on the direction of the incident light (Fig-
ure 5). These very dark or bright regions are located directly
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Fig. 2: Lighting setup inside the LBM system. Orthogonal
lighting provides improved contrast for rotating exposure
schemes.

behind the part contour and influence segmentation methods
based on edge detection as strong edges are detected around
these local intensity extrema. The segmentation method pre-
sented in [6] suffers from detection errors in these regions.

The presented properties of high resolution layer images
from LBM processes have to be considered when develop-
ing contour segmentation methods.

2.4 Segmentation

The characteristics of high resolution layer images from LBM
processes make precise segmentation a challenging task. This
section presents segmentation methods which are designed
to be robust against varying appearance of part surface and
small intensity differences between power and part.

2.4.1 Edge Preserving Smoothing and Edge Detection

As parts are created inside the powder bed, layer images
contain large powder regions around the parts. At high reso-
lution (20 to 30 µm/px) the powder particles are visible in-
side the image and form a noise-like background structure.
The local variation of image intensities in powder regions
makes edge detection with small gradient operators, e.g. So-
bel operator, ineffective as many edges around powder par-
ticles are detected. Instead robust detection methods have
to be applied since the edge information provides valuable
clues about the position of the actual part contour.

Common methods to cope with noise-like structures in
images when extracting boundaries are smoothing and scale
space approaches where the input image is low-pass filtered
and then down-sampled to remove fine structures and em-
phasize larger elements of the image. However, if Gaussian
low-pass filters are used, the gain in signal-to-noise ratio
comes at the cost of blurred edges and consequently worse
edge localization [22] which is undesirable for contour ex-
traction. Nonlinear diffusion, made popular by Perona and

Malik [23], provides edge-preserving smoothing which is
more appropriate but computationally intense and therefore
impractical for large images. Alcantarilla et al. [22] sug-
gest fast explicit diffusion instead of computationally inten-
sive explicit or semi-implicit solution schemes and create an
edge-preserving nonlinear scale space which overcomes the
drawbacks of the original nonlinear diffusion method. The
runtime optimization enables the application of this method
to high resolution images.

A discrete nonlinear scale space with O octaves and M
sublevels is built for the corresponding scales [22]

σi(o,m) = 2o+m/M, o ∈ [0 . . .O−1] ,m ∈ [0 . . .M−1] . (1)

In the preprocessing step O = 2 and M = 2 are used to
create four smoothed version of the input image. Down-
scaled images are resized to match the original image size
for easier transfer of segmentation results. We define the
level of smoothing s to be s = 4 for maximum smoothing
(o = 2,m = 2) and s = 0 for the original image.

Zur Jacobsmühlen et al. [6] compared two edge detec-
tors on layer images from LBM processes: the optimized
steerable filter kernels presented by Jacob and Unser [24]
and the Structured Forests approach by Dollár and Zitnick [25]
who utilized Random Forests classifier in a structured learn-
ing framework to predict edge maps from image patches.
Structured Forests edge detection proved to be more robust [6]
and is selected for this work, too. This detector is based on
13 feature channels (3 color, 2 gradient magnitude, and 8
gradient orientation channels) which are augmented by pair-
wise intensity difference computed on a blurred and down-
sampled version of the input image patch [25]. As it supports
three image channels and layer images are single channel
grayscale images, there are different options for combining
the available input images (two different lightings and refer-
ence part mask, Figure 3) which are listed in Sect. 2.5.

2.4.2 Segmentation Region

Contour deviations in typical LBM build jobs are in the or-
der of tenths of mm. As the large image size of 4 to 9 Mpx
potentially leads to increased computation time for a seg-
mentation and the reference geometry mask image Rz is
available for each layer, it is used during initialization to de-
fine the segmentation region around the part’s contour. The
Euclidean distance transform (EDT) of the binary mask im-
age M

d(p) = min
q∈M
{‖p−q‖2 |M(q) = 1} (2)

EDT(M) = {d(p) | p ∈M} (3)

determines for each point p the distance to the nearest fore-
ground pixel q. The segmentation region mask S for a width
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Fig. 3: Example layer image data. Left: melt result illuminated by front lighting, center: for side lighting the part surface
reflects the light away from the camera leading to a dark part. Right: Reference part mask (inverted for printing).
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Fig. 4: The rotating scan orientation (red arrows) changes the appearance of a part region in consecutive layers. The intensity
difference between powder and part varies across layers, e.g. at location A where the corner appears bright (far left and far
right) or dark (center left and center right). At location B the intensity difference between powder and part is very small.
Intensities have been rescaled for visualization.
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Fig. 5: Specular reflections and shadows in part boundary
regions due to elevated edges.

of w px is then defined as

Sz(x) =

{
1, if EDT(Cz)(x)≤ w

2 ,

0, else,
(4)

where Cz is the reference part contour mask image. In this
work, w = 30px which relates to a boundary region of 0.6 to
0.9 mm depending on the imaging scale. Some methods em-
ploy a refinement strategy: first segmentation is performed
for the double width w = 60px and then refined with w =

30px.
The initial part mask F and powder region mask B are

then defined as

Fz = Rz \Sz and Bz = Rc
z \Sz, (5)

where Rc
z denotes the complement of Rz.

Regularized Part Contour Map From the reference part ge-
ometry mask image additional information about the proba-
ble edge location can be derived. A signed distance map of
the contour is computed based on the distance transform of
part and powder region masks regularized by a sigmoid

Douter = EDT(R), Dinner = EDT(Rc) (6)

M =
1

1+ exp(β (Douter−Dinner))
, (7)

where β = 0.05 is selected to place the sigmoid at a 200 px
wide region around the part contour.

We denote the layer images of the melt result with front
lighting and side lighting as fl and sl, respectively, and the
regularized distance transform from Equation (7) as dtf. Dif-
ferent combinations of these three input images are formed
for segmentation.

2.4.3 Combination of Local Edge Information and Global
Part Shape

While the detected edges provide local information about
the path of the actual part contour, they are usually not con-
nected and have to be grouped to form a single part bound-
ary. Due to the large number of weak false positive edges,
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this cannot be achieved by edge linking based on tracing
of the intensity gradient. Instead, global cues have to be in-
cluded in the optimization to connect the right edges.

Graph-based methods are often used for global optimiza-
tion of region boundaries, especially the min-cut/max-flow
or “Graph Cuts” algorithm [26] which was introduced by
Boykov and Kolmogorov. Graph Cuts finds optimum region
boundaries based on a graph representation of the input im-
age which contains similarities of neighboring pixels. Edges
with low similarity are more likely to be cut and associated
pixels are divided by a boundary.

More formally, all image pixels are represented by nodes
in a graph which are connected to a source terminal (fore-
ground or part label) and a sink terminal (background or
powder label) by edges called terminal links (t-links). The
cost of a t-link corresponds to a penalty for assigning the
corresponding label to the pixel [26]. Adjacent pixels (in a 4-
or 8-connected neighborhood) are connected by edges called
neighbor links (n-links) which determine the cost of dis-
continuity between these pixels. From all edges Graph Cuts
computes a solution which maximizes the flow between the
source terminal and the sink terminal and divides pixels with
low similarity. [26]

The similarity of adjacent pixels can be computed based
on e.g. image intensities, or gradient information. In our
work, we compare three alternatives for n-link weight com-
putation: gradient magnitude at target node, absolute inten-
sity difference between source and target pixel and abso-
lute difference of gradient magnitude between source/target
pixel.

2.4.4 Grab Cut

The Grab Cut method by Rother et al. [27,28] was devel-
oped for interactive segmentation with minimal user inter-
action. Based on the initialization (user defined selection or
mask), two Gaussian mixture models (GMMs) are trained
on the image intensities in current foreground and back-
ground regions, respectively. The trained GMMs estimate
the probability of each pixel of belonging to foreground or
background. The negative log-likelihood of foreground and
background is included in the Graph Cuts segmentation as
t-links for each pixel. Segmentation is performed iteratively:
Graph Cuts computes new region boundaries, the GMMs
are updated to compute new t-link weights and Graph Cuts
is applied again. The user may manually select the desired
label for image regions which are included as t-links with
large associated weight, so called hard links.

In our application there is no user input, instead GMMs
with five components are initially trained on image regions
defined by part mask F and powder region mask B (Equa-
tion (5)) and the Graph Cuts algorithm is applied to the seg-
mentation region S from Equation (4) to extract the actual

part boundaries. Subsequent iterations re-use the previous
segmentation result as initial part and powder region mask
and repeat the GMM training.

Fixed internal contours For some images, very fine inter-
nal contours inside the segmentation region may completely
vanish due to misled segmentation. To prevent this from
happening, the segmentation region can be optionally modi-
fied by assigning the powder label to pixels in the segmenta-
tion region S which form the binary skeleton [29] of internal
shapes in the reference mask R before segmentation. This
step explicitly excludes the skeleton regions from segmen-
tation.

Smoothed input Pre-processing the images with the objec-
tive of creating more homogeneous regions (Sect. 2.4.1) may
be used in our implementation of the GrabCut method. To
compare the impact of smoothing and different levels of
smoothing s we analyze different input variants:

– fixed smoothing: create initial segmentation on smoothed
image, refine segmentation on original image

– decreasing smoothing: create initial segmentation on max-
imally smoothed image (s = 4), proceed to next smooth-
ing level ending with the original image)

Note that each segmentation is computed iteratively in five
iterations, i.e. the decreasing smoothing variant for s= 0 . . .4
performs 25 iterations.

2.4.5 Classification as Prior Information

The presence of specular reflections and/or shadows in bound-
ary regions of the parts complicates the segmentation as the
bright (or dark) regions cause false positive edge detections
inside the part.

To overcome this problem, information from both layer
images (front and side lighting) is combined to identify part
and powder regions even inside saturated regions. Input im-
ages are normalized to have zero mean and unit variance and
3 px×3 px square patches are extracted for each pixel in the
segmentation region around manually defined ground truth
boundaries. Then, patches from both images are stacked to
create the input vector and a decision tree classifier is trained
to label the center pixel as part or powder. The class prob-
abilities associated with part and background are derived
from the classifier instead from the GMMs in the GrabCut
segmentation.

2.4.6 Examined Variants

Two modified GrabCut variants are examined in experiments
where the GMMs are trained on images with either fixed
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(GrabCut (GMM)) or decreasing level of smoothing (itera-
tive GrabCut). The results of the original GrabCut as imple-
mented in OpenCV (with 5 iterations) are provided for com-
parison. For GrabCut (GMM) the GMMs for foreground
and background are initialized by k-means and expectation-
maximization (EM) training is executed on the current input
image. Images are segmented starting with the most smoothed
image, information from different levels of smoothing is com-
bined by re-training GMMs on foreground/background de-
fined by the preceding segmentation mask. For iterative Grab-
Cut the GMMs are initialized on the most smoothed image
and trained on less smoothed images which are then seg-
mented.

Improvement over Part Masks As methods are allowed to
use part reference masks as a-priori knowledge for initial-
ization and definition of segmentation region, the improve-
ment over an unmodified reference part mask has to be mea-
sured. We therefore compute all evaluation measures for the
baseline under the name “unmodified part masks” and list it
among the segmentation methods.

2.5 Evaluation

For evaluation of automated segmentations we apply the Jac-
card distance [30] as basic shape measure:

JD = 1− |P∩G|
|P∪G|

, (8)

where G is the binary ground truth mask image, P is the
segmented part mask and |·| denotes the cardinality of the
set, i.e. the number of active mask pixels.

While region-based evaluation provides a good estimate
of fit for segmented shape and ground truth, it is not read-
ily interpretable in terms of geometrical accuracy. To this
end, we apply the bidirectional local distance (BLD) mea-
sure [31] which measures point-to-surface distance in length
units and is able to cope with contours with high curvature
and direction change. The BLD yields a distance measure-
ment for each point on the reference contour which enables
comparison of measurement results from different methods,
even for segmented contours with different lengths.

2.6 Experiments

Segmentation methods were evaluated experimentally on 11
manually segmented layer images with 124 part contours-
from five different build jobs.

To provide an overview of the performance of all seg-
mentation methods, we start with the analysis of segmenta-
tion results for varied parameters on our entire dataset and
analyze the performance of methods grouped by GrabCut

variant. Varied parameters are described in this paragraph:
During GMM training the segmentation region can be as-
signed to either foreground model (fg), background model
(bg) or excluded (idk). The input image for multichannel
segmentation can be assembled from combinations of layer
images with front lighting fl, side lighting sl and regular-
ized distance to the reference part contour (Equation (7))
dtf, where each component may appear multiple times, e.g.
fl-fl-dtf (only front lighting and distance map). Images with
four levels of smoothing (0 to 4) are available: I 0-4 indi-
cates that all four levels are employed, while I 0 implies no
smoothing.

Best methods and parameter settings are identified by
a comparison of all available method combinations. As the
number of layers with manually segmented ground truth is
limited, layer images are split by build job and cross-validation
(CV) is employed for method selection. In each iteration the
best 10 variants are selected based on their Jaccard distances
on the training images and the distances on the layer images
from the held-out build job are taken for evaluation. As the
method subsets may be different for each fold, the intersec-
tion of all subsets forms the final selection. Then, evaluation
measures are combined by assigning ranks for each measure
independently (larger rank is better) and normalizing ranks
to obtain a value between zero and one which does not de-
pend on the magnitude of measurements. The joint score is
then computed as the normalized sum of these values and
the variant which yields the highest joint score is selected.

3 Results and Discussion

Global performance of different methods is displayed in Fig-
ure 6, which shows that, at the median, OpenCV’s GrabCut
and iterative GrabCut perform better than the baseline (part
masks), while GrabCut with tree classification and the origi-
nal GrabCut method (without smoothing) are worse than the
baseline. The low variance of iterative GrabCut and OpenCV’s
GrabCut indicates very robust performance independent of
parameter settings, while careful parameter selection is more
important for GrabCut variants with edge-preserving smooth-
ing and decision tree classification which exhibit larger vari-
ation.

Cross-validation of parametrized variants with selection
of the best 10 variants for each fold yields 15 unique vari-
ants, eight of which were selected in all folds (intersection
of fold selections): 6 variants of GrabCut GMM, 1 vari-
ant of iterative GrabCut and 1 variant of original GrabCut
(OpenCV). Figure 7 presents the evaluation scores of this
final selection. Based on obtained Jaccard distance, the iter-
ative GrabCut variant with decreasing smoothing performs
best, followed by GrabCut variants with GMM among which
the OpenCV variant occupies a middle rank. Multichannel
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Fig. 6: Evaluation of method families on all training images,
families are sorted by median score from best to worst (top
to bottom).

input for all top four methods consists of layer images ac-
quired with both lightings (emphfl, sl) and the regularized
distance transform (dtf ). The best variant employs all four
smoothed images, while all other variants work on the orig-
inal image without any smoothing. All selected variants em-
ploy the absolute intensity difference between neighbor pix-
els for n-link weight computation which means that the edge
detection result is not used for these methods.

The combined ranking of evaluated methods (Figure 8)
shows that iterative GrabCut for layer images acquired with
both lightings and regularized distance map and all smooth-
ing levels (iterative idk fl-sl-dtf w=15 I 0-4) performs best.
Sample results for parts shown in Figure 10 are presented
for a part geometry with fine structures (Figure 11) and a
layer image with shadows in boundary regions (Figure 12).

The selection is compared to the baseline of unmodi-
fied part masks to assess the improvement. Figure 9 displays
the empirical distribution functions of the Jaccard distance
and mean contour distance for all examined layers. The im-
provement of the Jaccard distance for the best variant over
the baseline is 34.5 % at the median and 55.5 % at the 95 %-
quantile. The mean contour distance is improved by 39.7 %
at the median and 43.0 % at the 95 %-quantile.

The ability to inspect internal structures which are later
inaccessible is a central advantage of in-situ layer image
analysis. For internal structures with larger diameter, such
as cooling channels, the segmentation task is comparable to
the segmentation of “external” contours. To investigate the
performance for fine internal contours Figure 13 presents a
sample result with text labels for a font width of approxi-
mately 300 µm (11 px). The overall performance is good but
regions with very thin part regions surrounded by powder
such as the lines in the letter “M” are mis-segmented.

The creation of manually defined ground truth images
involves tedious manual work which limits the number of
available images for evaluation. Additionally, the connec-
tion between the position of part contours inside layer im-

ages and the actual contours of the produced part has to
be proven. Acquiring layer images of the production pro-
cess and creating a high resolution three-dimensional recon-
struction of the part, e.g. by 3D scanning would enable ver-
ification of the shape relations. As 3D reconstruction facil-
ities were not available to us, this is left to future works.
By establishing an automated method for creating reference
and training data the application of more complex methods
such as training large convolutional neural networks (CNNs)
would become feasible.

4 Conclusion

In this work automated segmentation methods for part ge-
ometries in layer images were examined. GrabCut segmen-
tation extended with edge-preserving nonlinear smoothing
achieves the best performance and correctly captures fine
details of the part geometry. For narrow internal contours the
input data from layer images acquired with different light
sources contains complementary information which can be
exploited by a specifically trained classifier to improve seg-
mentation in these complicated regions. In the global com-
parison methods with classifier instead of GMMs did not
achieve the best results. Therefore, a combination of both
approaches should be employed to solve the segmentation
task robustly. The analysis of layer images for geometry in-
spection has the potential to complement conventional in-
spection methods and, in the long run, replace post-process
geometry inspection. To achieve this goal, the relation be-
tween part contours in layer images and the final part con-
tour has to be investigated and larger datasets for develop-
ment and testing have to be collected.
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Fig. 7: Comparison of segmentation methods selected by cross-validation. Selected methods belong to families of iterative
GrabCut, GrabCut GMM, and original GrabCut (cv), the segmentation region is initialized as either foreground/part (fg), or
unknown region (idk). The input images for multichannel segmentation are assembled from combinations of layer images
with front lighting (fl), side lighting (sl) and regularized distance to the reference part contour (dtf ), where each component
may appear multiple times. The segmentation region is 30 px wide for most methods (radius w = 15), two methods start
with 60 px and then refine the segmentation (w = 30,15). Images with four levels of smoothing (0 to 4) are available: I 0-4
indicates that all four levels are employed, while I 0 implies no smoothing. For a full description of variants refer to the full
text.
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Fig. 8: Ranking of selected methods based on combined
ranks for Jaccard distance and contour distances (mean
BLD, max. BLD). Abbreviations in method names are de-
fined in Figure 7.
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Fig. 9: Comparison of selected methods to baseline (part
masks).
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Fig. 10: Geometries of sample parts with bounding boxes for size comparison. Left: bridge structure with engraved label
(internal contour) on top (height 6 mm), center: wall cutouts and engraved label on top (height 10 mm), right: hollow do-
decagonal pyramid with sector labels (height 20 mm). Note that image sizes are not up to scale, support structures are shown
in blue.

Fig. 11: Sample segmentation of selected iterative GrabCut method. Left: full segmentation, center: crop of part at bottom
right corner with fine structure (top) and small gap (bottom), right: segmentation result.

Fig. 12: Results for boundary region with shadows
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Fig. 13: Segmentation of part geometry with internal contours. Left: input layer image, center: full segmentation result, right:
detail view of good (top) and bad (bottom) result for internal contour. Full part is displayed in Figure 10.

Fig. 14: Comparison of internal contours (left) segmented by iterative GrabCut (center) and GrabCut with classification
(right). Full part is displayed in Figure 10.
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