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Integration of m#erial composition, microstructure, and mechanical properties with geometry
information enables many product development activities, including design, analysis, and
manufacturing. In this paper, we investigate the application of image processing methods f
constructing models of material microstructure. These microstructure models can be integrated
into CAD models to enable the utilization of material proegasctureproperty relationships
during CAD modeling. Engineering design is enabled by integraf computational materials
design methods with these relationships. Using 2D images and 3D voxel datasets, the image
processing methods can be used to find microstructure featwes,as grain boundaries or
particle or fiber reinforcements, by fimgj edges and extracting features from those eddes.

paper will focus on three different image processing methods, which will be applied to
microstructure imageof materialgabricated by additive manufacturing.

1 INTRODUCTION

For many years, practitiens in the additive manufacturing (AM) industry have complained
about the lack of suitable engineering materials. Others note the large variability and
unpredictability of mechanical properties in AM processed materials. Both sets of users would
benefit from computeraided design (CAD) tools that integrate material information with
geometry. Furthermore, the capability of deriving mechanical properties from the material and
geometry information would greatly aid part design and engineddihh heterogeneous CAD
modeling, models of both part geometry and material composition are integtatecisting
methods, material composition is typically specified parametrically using vofusmedons
where continuous distributions of material compositions are modeled. This approach is only
appropriate for macrecale part models, where detailed microscopic structures are not
considered. Furthermore, such material composition models ongsesyirthe designerOs desires

or specifications, but the physical behavior of the actual materials is not recognized. Also, the
actual material composition may deviate from the specification due to the specifics of
manufacturing processes, heat treatmeaots,other material limitationsin this paper, we
investigate the application of image processing methods for constructing models of material
microstructure.

In recognition of the need of microscopic materials modeling for heterogeneous CAD systems,
we pregent a newmethod for reverse engineering of composite materials such that models of
material microstructure can be constructed and used as CAD representations to support
heterogeneous part modeling. Such material models capture microscopic featuresbénd ena
integration with structur@roperty relationships.
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The proposed method for reverse engineering of materisite®isn schematically iRigurel. A

material sample is sliced and imaged at appropriate resolutions to captmierdstructure and
enable construdbn of processstructureproperty relationships at the smallest size scale of
interest. Before image analysis, the user specifies material compositions (i.e., which colors or
shades correspond to which materials). denprocessing method is appligd extract the
geometry of the materialOs microstructure (e.g., grain or particle size, shape, orientation) and
correlate it with material compositions. Next, models are constructed that enable properties of
interest to beletermined. For examplamaterialOs elastic modulus and PoissonOsaatioe
estimated fronfinite-element analysis. From the microstructure, pros&sgeture relationships

can also be determined. As a result, we will have the capability of camgirheterogeneous
models of materials that can be integrated into CAD systems and used for mechanical part
design.

In this paper, we will focus on tlrecognition of linear features the material's microstructure
using severalmageprocessingmethods.In the remainder of the papen section 2,a brief
background review oimage processing methodsjrfacelet functionsedge detectiomethod
and contour modelsare introducedin Section3, featureextraction methodrom image based
on the proposedimage processing methods described.Furthermore, the result of feature
extraction and its discussion will be followed in sectiorLdstly, conclusion will be given in
section 5.
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Figure 1 proposed reverse engineering of material process

2 BACKGROUND

Image processing convewn irput image signal into either different type ofmage or a set of
characteristics of imagE]. This process enables a user to extract geometryrésattom an
image. In microstructure images, geometric features are indicated by contours. In order to
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recognize geometry entities, the contours must be detected and, preferably, be described by
geometric entities such as line segments, circular arcgher analytic function. Of interest in

this paper is linear microstructure features, including grain boundaries, fibers irefitferced

polymer composites, and other features that appear as line segments. Since we are also
interested in more generf@ature shapes, the image processing methods to be investigated in this
paper will generalize to arbitrary feature shapes. Identified geometric features will be
characterized by their position, orientation, and size. Automated feature extraction enables
microstructure characterization that will aid greatly the development of material structure
property relationship databases.

Three general types of image processing methods will be investigated in this paper. First, the
traditional edge detection methathe Canny method, is easy to use for extracting geometry
characteristics in the imag8]. It uses the gdient of an image and typically produces a binary
image as its output. Edges are not explicitly represented, but can be recognized using contour
generation algorithms. The second type of method is a class of active contour models that seeks
to fit curvesto regions of the image with large gradiejts Energy minimization methods are
typically usedto ensure that the curves are smooth and they follow image contours closely. The
third type of method is based on template matching methods that attempt to fit lines, line
segments, or other shapes (templates) to regions of an image. The methodsesif hete

include Radorj5] and Hough transforms that use lines. Each method will be described in more
detail in the next section.

3 FEATURE EXTRACTION METHOD

Image processing method

a. Edge detection method
b. Geodesic Active contour
c. Surfacelet method

v
Recognize
Microstructure feature
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Figure 2 Proces of reverseengineering with different image processing methods

In this section, we present the first step of the reverse engineering of materials procedure, from
Figurel. We use micrescale images such as tkdsom atomic force microscopy and electron
microscopy to characterize a materialOs structseshown in Figure 2, various image
processing methods are used to recogmimeostructurdeatures in the image. Image processing
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methods extract geometry features from the image. Once geometry features are detected, the
information is converted tamicrostructure model. By integrating obtained information fthen
previous step, structwgroperty relationshigpcan be achieved.

3.1 Edge detection method

In 1986, J.Canny investigated an edge detection operator, Canny edge detector, which uses a
multi-stage algorithm to detect a wide range of edges in in&edis work focused on three
requirements, good detection, good localization, and minimal response by finding the function
which optimize a given functional. This edge detection method incliedestages with some
optional refinements possibl&he first stages noise reduction, which usedilter based on a
Gaussian, where the raw image is convolved with a Gaussian filter. Thisataggthe input
imageto becomeslightly blurred, whichreduces the affect of a minor amount of random noise

At the secondtage of the algorithifour filters are usedo detect edgesegardless of their
orientation forizontal, vertical, and diagonalThe third stage is hemaximum suppression,

which estimates image gradients and performs a search to determine if thetgredjeitude
assumes a local maximum in the gradient direction. Then, the method traces edges through the
image andusesthreshading with hysteresisthat is, uses two threshold values, one for strong
edges and one for weak edg&nce t is impossible todeterminea generally applicable
threshold for the methodhe Canny method tilizes user definethreshold. After finishing this

stage, a binary image is produced where each pixel is marked as either an edge-edgenon
pixel. An optionaldifferential geomety formulationfor the third stagg@rovidesa more refined
approach to obtain edges with spikel accuracy.

The Canny algorithm plays powerful role in detecting edges. In addition, it is adaptable to
various conditions to recognize the edges tiedng characteristics depending on the particular
requirements of a given implementation.

The result of Canny edge detection is a binary image, with edge pixels highlighted against a dark
background. As such, the method does not accomplish microsérdetiure extraction, since

no higher level microstructure features are represented directly. However, the output images for
Canny edge detection may be useful as inputs to more powerful methods, such as those to be
presented.

3.2 Contour model

Kass et al [7] focused on "snakes" or active contour models for boundary detection. The
classical approach is based on deforming an initial contovartls the boundary of the object to

be cetected The method minimizes aenergy functional and therefore exhibits dynamic
behavior[7]. If C(q):[0,1] = R? is a parameterized planar curaad!: [0,a] X [0,b] = R is a

given image in which we want to detect the objects boundl@Figken the gneral equatioffor

active contour modelsan be expressexs

E(C) = a [;Ic"(q)I*dq + B [ IC"()*dq— 4 J; [VI(C(q))ldg (1)

where 1", and # are real positive constaBjnl consists of internal energy term and external
energy terminternal energys

af}Ic (@)Pdq + B [ IC"(@)Pdg (2.9
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The firstorder term makes the snake act like a membrane and the sedenderm makes it act
like a thin plate. Adjusting the weights ! and " controls the relative importance of the membrane
and thinplate termg7]. On the other handxgernal energys the rest of term of Eqn.1.

—AJ; 1v1(c(q))ldg (2b)

It consiss of animage force and constrain force [7]. Some drawbacks have beehserved

such that it can oftebe stuck in local minima state. In addition, this energy model is not capable

of detectingan unkrown number of objects simultaneougBj. Therefore, special topology
handling procedures must be added. Regaraimoglel accuracy, it $ governed by the
convergence criteria used in the energy minimization technique; higher accuracies require tighter
convergence criteria and hence, longer computation times.

The geodesic active model is a particular case of the classical energy snakehabdeglizes a
levelset approach to identify contours in the image, guidethtoysic geometric measures of

the imagd8]. Geodess active contours represented in the form of a zero akea function It is
provedequivalentto finding a geodesic curve in a Riemannian space with a metric derived from
the image content. Boundary detection can be considered equivalent to findimgeaotu
minimal weighted length in a certain framew®8. The general equation is

E(C) = a f,IC"(@)l*dq — A [ |VI(C(q))Idq 3)

The 1gidity coefficient !, from Eqnsl-2 is set equal to @ the geodesic active modelhe
regularization effect on the geodesic active contour comes from curvature based curve flows,
obtained only from the other terms EHgn.1 This will allow achievingsmooth curvein the
proposed approach without having the high order smoothness givedObin energy based
approacheg8]. The most interesting feature ofighgeodesic active contour is that it allows
automatic changes in the topology when implemented. Thereby, several objects can be detected
simultaneously without previous knowledge of their exact number of isdteeand without

using special tracking pecedures. However, because this model only depends on the image
gradient, to stop the curve evolution, the model can detect objects with edges defined by gradient

8.

In addition, godesic active contour ideveloped to overcome the major drawbacks of the
classical active contoumodel, whichuses a local gradieitased edge detector to stop the
evolving curveon object boundarig®]. Tablel showsthe process of finding grain boundaries
using both the classical active contour arnthe geodesic active contour modelThe ative
contour model uses seeds provigeanuallyby the userand onlydetectsonegrain boundaryat

one time while the geodesic active contour model detects aligbmundaries at the same time.
Our implementation of theegpdesic active contour model prdes equally spaced seedsd
allows the gerto adjusttheir size,number,and location. The seed evolves by itself, searching
minimum weighted length. Wi it finds a minimum value, the sestdpsits expansion
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Table 1 Resul of curve evolving in both active contour model and geodesic active contour

Active contour model Geodesic active contour
(] ) Q Q Q QO (@] Q Q Q
(5 & C O Q
I o 0
O
O
0}

(&
O
O
o

1" #$%&PIH( " HSY&PIH(

A
)

-+ & +((

+' 0%$!"()&!*¢( 1" 0%S$!'()&!*¢(

3.3 Surfacelet method

As introduce in [5], surfacelet models can be generated by a combination of fkdon
surfacelet and wavelet transforms. In this paper, we only consider the Radon transform, a special
case of surfacelet transfo, in the analysis.

The Radon transform is an effective method for representing line singularities in {fblag€ke

Radon transform was developed to reconstruct images from CT[4€hns&hich consist of sets

of parallel scans where the so& and sensor rotate around the target. WdRaslen transform

to fit surfacelet models to microstructures. Then, by applying a wavelet transform to the results
of the Radon transform, an image representation is prodiMathematically, the Radon
transbrm in a domain % is the integral along the plane (represented as the dash line in 2D),
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which is perpendicular to a line at andle as illustrated irFigure 3. The plane and the line
intersect at a pointvhich has the radial dmsnceu from the origin. Varyingu results in a vector
of integral valuegl, (1) in 2D andl.. (1) in 3D:

I, (m) = l"lf(x!y)d(x "H$a +y Yk ! m)dxdy @

where# is the Dirac delta function. The simplest surfacelet is the ridgelet transform

! I?Il'l: #"I $'p/p"l $
vur (5 (8)o0, (9) -
In general, our generic surfacelet transform is the 1D wavelet transform of the surface integrals.
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Figure 3 geometric interpretations of parameters in surfacelet transform

Microstructure feature extraction is possible from the results of a Radon tran®8aght spots

in the Radon transfornmagerepresent line or edge angle and location. Microstructure features
can be found computationally from surfacelet representations with parameter values for the
features, such as positioorientation,and sizeThe challenge is thdeatures, such as a fiber or
grain boundary, will be represented by several of these bright points close to one another in the
Radm transformed parameter spatéat only gives us location afgeometry feature but nas

size Therefore,a segmentationstep, which gives accurate size géometry needs to be
integrated into surfacelet transforfigure4 shows the process of discovering geometry feature
using surfacelet transforririgure4a representan image of 3D voxel dataset of microstructure.
The first step of this process is shownFigure 4b, where the Radon transform is utilized to
encode straigHine microstructure feature as points. The output of this step isr&kmBRadon
coefficients. In the next step, the peaks in the Radon coefficient matrix are identified and
interpreted as indicating grain boundaries. These are shown as colored kgsrévc. The

third step, which is shown ithe Figure 4d, constructs grains from the grain boundaries. In the
final step, the finite element model is constructed by meshing the grains and assigning
mechanical propertiesigure 4e briefly shows he FEM analysis result for deformation of the
microstructure.
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Figure 4 The process of discovering structurgroperty relationship for metal alloy microstructure a) 3D
voxel dataset of microstructure, b) 2D microstructure imap&esult of the Radon transform of microstructure, d)
Result of tentative grain boundaries, and e) FEM analysis result with meshed grain boundaries

3.4 2-point Correlation

N-point correlations provide a rigorous statistical framework to define the spatiellations of

local states in the microstructufél]. Local state means that any specific location in the
microstructure is mathematically defined at the length scale of interest by averaging the
information over all the length scales below the selected length scale. Since distributions on local
state space reflect the probability density associated with finding a specific local state of
interest,h, at a point selected randomly in the microstructure, they often are termegboimg 1
statistics. Zpoint correlations are expanded version of the basic cortbep capture the
probability density associated with finding local states h and h' at each end ofefngjte
vectors thrown randomly into a microstructure image. These correlations are only exactly
defined over an ensemble of microstructure realinatibut can be approximated if the ability to
process many material samples is limitéchese mpoint correlation methods seek to represent
microstructures probabilistically, rather than supporting direct microstructure feature extraction.
As such, theyrepresent a basis of comparison for our work, but do not support direct feature
extraction and will be not be considered further.

4 RESULTS AND DISCUSSION
In this section, severdaifferent microstructure images made by additive manufacturing will be
applie to different image processing methods and the result will be shown and described.
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Figure 5 Image processing result of forged part (DIN St45)

A crosssectioral microstructureof the forged (DIN St45) pars shown inFigure5 [12], which

will be the sample image used for this examplarged grain boundaries aséinterest in order

to quantify grain sizes and shapEgure5 shows the comparison of the three imagecessing
methods. Geodesic active contour detaatomplete grain in red circle area while edge detection
can result in incomplete grain boundari&sce grain boundariege somemes discontinuous

in the image, edge detectiomethod does not guarantee to produce a closed loop so it fails to
extract a grairsurroundedy unclear grain boundariesn contrast, thegeodesic active contour
model is sensitivéo the starting seeldcaion in orderto expand properlySincethe sufacelet
method does not directly provide length information, the result rarely looks like detected grain
boundaries. Lines correspond ¢oain boundaries in the microstructure imaddter length
informationis integrated into the method, it will detect a grain surrouriedvenunclear grain
boundaries
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Figure 6 Image processing result of laser sintered nyloa2

Laser sintered nylef?2 isused for another examp]&3], asshown inFigure 6. Edge detection
method works welto find boundares betveen uamelted particles and fully melted particles.
However, other than edge detection method, geodesic active contour model and surfacelet model
does not figure out geometry features in the microstructure irhbgmelted paw of the sample

image hae a number of fibershape or particlesSmall image gradiest between these
microstructure features, whietereintencedto be detected, prevetitemfrom being recognized.
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Figure 7 Image processingesult of EOS DMLS Titanium

The next example is aetal EOS DMLS Titaniunmicrostructureshown inFigure7 [14]. The

edge detection method extracts all grain boundandsle the geodesic active contour model
detects only pastof grain boundaries. Geodesic active contour only gives goo@éspodence
betweencontoursand grain bound#s whenseedcontours are located entirely within grains.
Hence, seed contours must be positioned and sized so that they are appropriate for the
microstructure imagdn addition, the gradient of the image gwdistinct grain boundaries and
affects the good result of geodesic active contour mddetther casg it provides random

resuls. Results of thewwfacelet methodhow that this method was not effective in recognizing
grain boundaries. This is a case vehgrains are too small and their boundaries are too complex
geometrically for the Radon transform to be effective.
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Figure 8 Image processing result oEBM copper

Figure 8 shows anexpanded horizontaurface view (normal to the EBM build direction) for EBM
fabricated Cu specimefl5]. The example image clearly showeBlong grains with boundaries
that are approximately 600 degrees from horizontalhe surfacelet method finds them well.
Figure 8 only indicates a result of surfacelet in certain range of angle to shewood
correspondencietweeryellow lines and thebright grain boundarie$n addition,edge detection
methal andgeodesic active contour model work well for this example. This is because the
sample image includes large contrast between grain boundaries and grain materials.
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Figure 9 Image processing result of EBM CobaKChrome grains

A cross sectiomof equiaxed grain (including coherent twin grains) in annealec@or6Mo-0.2C
fabricated by EBMs shown inFigure9 [15]. Geodesic active contofinds grainboundariesvell

until seeds reach umelted particlesn bottom right side of the imagé&his is becausan-melted

metal particlesgive small gradierd in the image The srfacelet method shows good
correspondence result between yellow line and brighth draundariesHowever, edge detection
method does not give result in finding graihkise in the images is detected, although these
boundaries are not meaningful. Increased contrast or other image manipulations may lead to
improved results.
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Figure 10 Image processing result of EBM Cobalt Chrome twins

The kst exampleFigure 10, is an optical microscope horizontal plane image expansion for-a Co
base alloy component illustrating twiault features at 90; for (100) surface orientatfafricated

by EBM [15]. The cross section of this material shows strong orientations to diagonal directions.
Since the example image includbgse chacteristics the surfaceletmethodworks very well.
However, the complexity of the microstructure imaagel small gradient of the imagéfectthe

resuls of the other image processing metho8ince grains are unclear anehicrostructure
features are natontinwus loops, edge detection method detects geometry feature as discrete
objects not as grain boundareasd the contour method is ineffective in following boundaries

Geometry features in microstructure imageere extracted by three different imgg®cessing
methods. Gradiesatin theimage, continuous geometry featgirand linearity of the geometry
objects are the major influence the resultsSince image processing methaisbased on the
image gradient, an imageith large gradiens has bette resuls than smakr gradient. As
expected, edge detection methods work well when microstructure features are prominent with
large gradients. However, their results are simply binary images with no extracted geometric
information about the features. h& geodesic contour method worked in cases where
microstructure images had well defined grains with closed boundariessufifheeleimethodis
designed to extract linedeatures from images, so the method worked well when grain
boundaries were well deed and close to linear in shape.

5 CONCLUSION

In conclusiam, in this paper, several imaggrocessing methods have been applied to
microstructure images to detect geometry featUdeseral factors such as gradient of image,
linearity, or orientation affecthe result ofthe image processing methed The elge detection
method works for finding differensein gradiens acrossthe image. However, itinds only
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differences in gradiens. In order toextract microstructure features as geometric entities and
paraneters such aghe location of the grajrsize, shapeit needs to havan extra step.The
geodest active contoumethodperforms wellto find grain boundarieshen those boundaries
are visually apparensince the geometric model is implic2model, some additional work is
needed in order to extract explicit geometric entifléwe sirfaceletmethodworks well in terms

of finding geometric features in the imagesovided that segments of the grain boundaries are
close to linear and are not too compleéHowever, it still needanautomation stefo construct a
complete geometric model of grain boundaries
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