Representation and Classification of Microstructures using
Statistical Learning Techniques

Veeraraghavan Sundararaghavand Nicholas Zabaras

*Materials Process Design and Control Laboratory, Siblelic&d of Mechanical and Aerospace Engineering,
188 Frank H. T. Rhodes Hall, Cornell University Ithaca, NY8%3-3801, USA

Abstract. Microstructural information is fundamental to determining the critical prips of today’s high performance
materials. Hence, there is a need for a representation that can qudritiiy microstructural elements through the analysis
of digitized images. This paper addresses representation throughetoorof a dynamic microstructure library. The
paper focuses on the application of machine learning theory for théamezf a library that is trained by experimentally
or computationally obtained microstructure snapshots. Support veetchines (SVM) are used to classify microstructure
snapshots based on its features into various classes. An incrementgbgdrcomponent analysis (PCA) method is employed
within image classes to constantly update the microstructure basis andicalipejuantify the microstructural features.

MOTIVATION consists of a reduced basis which can effectively describe
new images. This basis evolves when new images are
Models that attempt to predict properties of materialsadded to the classifier and the information content of the
rely on statistical descriptions of material microstruc- class improves. New microstructures can be completely
ture. Descriptors like grain sizes, elongations and orienreconstructed through a linear combinations of the basis
tations that describe the microstructure morphology bethrough a set of coefficients, which are used for quantita-
long to the class of lower order geometrical descriptorstively representing the microstructure. A modified form
Attempts to reconstruct microstructures based on lowebf principal component analysis (PCA) [4] extensively
order descriptors [1] result in non-uniqueness which carapplied in face recognition and vision applications has
be attributed to the absence of complete morphologicabeen employed for the creation of the basis. This method
information in such lower order measures. This papercalled incremental PCA [5] technique dynamically up-
focuses on the completeness aspect of the descriptiotates the basis within each class whenever new images
of planar images of single phase polyhedral microstrucare added to the library.
tures. We employ a classification technique in conjunc-
tion with principal component analysis for the quantifi-
cation of microstructure images. FEATURE EXTRACTION
Jenkinset al. [2] and Tojimaet al. [3] used classifi-

Cation methOdS for describing material minOStrUCtUre.An automated image ana'ysis Scheme is adopted for
However, the descriptors used for the description are ofeature extraction. Raw images are initially modified so
lower order and hence incomplete. The automated clashat all images in the microstructure library have the
sification structure proposed in this paper employs lowelsame orientation and magnification. Fig. 1 shows the
order descriptors like grain sizes and Shape features qunportant preprocessing Steps such as image a|ignment’
classification but complete description is obtained by descaling and subsequent steps that involve sharpening
scribing the microstructure through the use of an im-the image through illumination equalization, edge en-
age basis within a class library. In this approach, featuryancement, and finally grain boundary detection. The

component vectors representing independent patterns epundary image is then used in the size and shape
tracted from the various classes of single phase polyparameter identification steps.

hedral microstructures are used to train a system. Ini-

tial training classes consisting of ensembles of single The following three feature vectors were extracted

phase polyhedral microstructure were constructed usingom the input microstructure image (Fig. 2(a)):
a Monte Carlo algorithm for grain growth. The library

does not store any microstructure images. Every class 1. Histogram of the intercept length distribution using
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FIGURE 1. Microstructure image preprocessing operations.
Let us defineC* asX'X;, i,j =1,...,N, and let the
vectorEx = aix, i = 1,...,N, denote the coefficients of
Heyn'’s intercept technique (mean intercept lengththe eigenvectddy in the basis of the snapshots. Then the
versus number of test lines possessing the meaanriginal eigenvalue problem Equation (1) is equivalent to
intercept length, Fig. 2(b)) [6]. the eigenvalue problem,

2. The rose of intersections (Fig. 2(c)) [7].

3. Color histogram. C B = A ®)
A N x N matrix, X" X; is constructed and the vectdgg,
k=1,...,N are found from the solution of the above

PRINCIPAL COMPONENT ANALYSIS eigenvalue problem. ThN eigenvectordJy are subse-
quently found using Equation (2). These vectors form

Principal component analysis is a technique to obtainthe so called ‘eigenfaced]. The eigenfaces for the mi-

crostructures in Fig. 3 are shown in Fig. 4. The eigenface

low-dimensional representation of a large set of data, 4 . oI
vectors are normalized and stored in the material library.

Using a set of large dimensional data called the ‘snap- Once the eigen-basis for the set of microstructure in

shots’, the method decomposes the data into an optimzﬁ1 o o . .
; . . e class is identified, any new image corresponding
orthonormal basis. Few basis vectors selected in the ot-

) . tP that class can be represented by transforming the
der of importance can be used for the representation a . ; 9
mage into the eigenface components by a projection

. . . . . . |
the high dlmen5|onal dat_a sets. Th!s method is well Su'te%peration. The coefficientsd) of the new imager) in
to the representation of images. Fig. 3 shows sample Mithe normalized eicen-basis is given b
crostructure imaged;{ used as an example to demon- 9 9 y
strate PCA. _ _ w=UJ (T —p) (4)

Let N different microstructure planar imagdg (each
of sizen pixels byn pixels are to be represented. The The coefficients qx) form a vectorQ = [cwy, ..., aN]"
images are converted inddvectors ¥;) and the average that is used as a reduced representation for the mi-
crostructure. The matrix of coefficients of the input im-
& ageqQy,...,Qn] is denoted b, the representation ma-
then subtracted from all the image vectorXas- X; —u,  trix. The representation matrix for the inputimages in the

for i=1,...,N. The eigenvectorgy of the nx n eigen-basis is listed in Table 1.

N
is computed agt = %_Z X;. The average imageuj is

N
covariance matri€ = & 3 XX satisfying
i=1

CUc= AU K=1...N ) SUPPORT VECTOR MACHINES
with the eigenvalued form the best basis for the im- The aim of classification is to group similar microstruc-
ages. Even though the above method calculates the befsires within a class where PCA analysis may be car-
uncorrelated basis, it is computationally intensive sinceried out. The image classification problem has been
it involves the calculation of a correlation matrix of very solved using an statistical learning algorithm called Sup-
large dimensionality. The work around is the so calledport vector machines [8]. The classification involves
‘method of snapshots’. Here, the property that the eigenprior training with features from known microstructure
vectorsUy are the unique linear combinations of the mi- classes. The training involves finding the optimal hyper-
crostructure imagesK() is used and the eigenvectors can plane such that the error for unseen test microstructure
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FIGURE 2. (a) The input microstructure image (b) Histogram of mean interceptheversus number of lines obtained using
Heyn intercept technique (c) Rose of intersections.
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FIGURE 3. Sample microstructure images to be represented using PCA.

images is minimized. Each instance in the training set 12

consists of class labels and several attributes extracted 2, Jzzly yiaiaiK X)), ©)

from the microstructure image. The goal of SVM is to

produce a model which predicts the class of the data seh the positive quadrané; > 0, i =1,...,n, subject

given in the form of features. to the constrainty{ ; ajy; = 0. The support vectors are
Given a training set of instance-label paixs yi),i =  the points for whicha; > 0 satisfying Equation (5) with

1,...,n,wherex; € 0" andy € {1,—1}, the support vec- equality. Given a new set of datathe decision function
tor machines non-linearly maps the d&t® a higher di- can be written as,

mensional feature spaBeasz= ¢(X). The functiong(X) N

is defined by a positive definite kern&l(X,X'), specify- f(x) =sgn(S aiyiK(%,%) +b) @)
ing an inner product in the feature spaggx).o(X) = i; ’

K(X,X). The kernel employed for microstructure classi- ) ) ) ) .
fication is the linear kerneK (X,X) = XX. If the data Whenthe datais non-separable in the higher dimensional

is linearly separable i, a decision functiorD(X) = feature space, slack v_ariablé\sz 0 are introduced ;u_ch
W.g(X) + b wherew is an n-dimensional vector arris ~ thatyiD(x) >1—¢&, i=1,...,nto allow the possibil-
a scalar can be determined such that, ity of samples to violate Equation (5). The idea is to max-
imize the margin and minimize the training error (repre-
yiD(x)>1, i=1,...,n (5) sented by the slack variables) simultaneously. The gen-

eralized optimal separating hyperplane is then the mini-
The distance from the separating hyperplBxig) =0  mization of3||W||2+C 3!, & where the purpose @ in
and the training datum nearest to the hyperplane is callethe second term is to control the number of misclassified
the margin. The hyperplane with the highest margin ispoints.
called the optimal hyperplane. Fig. 5 shows a realiza- Microstructure classification involves operating on
tion of a binary classifier through the creation of a hy- more than one feature parameter over several classes of
perplane that maximizes the margin between the twamages. Such problems are called Multi-class problems.
examples. Vectow for the optimal hyperplane is ob- The one-against-one method has been employed for this
tained by maximizing the margin which becomes equiv-classification problem [9]. This method construletk —
alent to minimizing||W||. The solution to this is given by 1)/2 classifiers where each classifier is trained on data
from two classes. If between two classesdj, a given
data set is classified to clasghen the vote for classis
the a. s is posed as a quadratic programming problem ofincremented by one. Given a data poktk —1)/2 clas-
maximizing, sifications are performed and the data is classified to the
N class which gets the maximum votes. In case that two
W@ =S a classes have identical votes (the data set falls in the inde-
; cision region) the class with a smaller index is selected.

Z a;y;@(X) for a; > 0. The problem of determining
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FIGURE 4. Images of the eigen-basis: the eigenfaces.

images were provided as training examples. An average
accuracy of 980 percent is realized.

Principal component analysis works dynamically with
the classification and the basis is updated with inclusion
of new images. Fig. 7 shows images within the class
reconstructed using different fractions of eigenvectors i
the basis. It can be seen that good quality reconstructions
are possible even when 40 percent of the eigen-basis is
discarded.

Whenever a new imagd ) of dimension (1 x L)
is added to a class of images, the existing bddi$ s
used to reconstruct the microstructure. The efficiency of
reconstruction is tested using a measueb@sed on the
testimagel(x) and the reconstructed microstructLlFEX
given by,

IMPLEMENTATION d

FIGURE 5. Support vectors (shown as dotted lines) used for
binary classification.
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Using the features of representative classes of images ahe test and the reconstructed microstructures were nor-
training data sets, the support vector machines are usadalized within limits of[0,1] and a distance threshold
to group new unknown test examples to these classesf d > 0.1 was employed as the criteria for updating the
Fig. 6 describes the class structure of the library. Thebasis.
first tier of the library is based on the shape features of The PCA technique explained earlier is performed in
microstructures. Further classification of grain shapes otthe batch mode and requires the calculation of the cor-
the basis of grain sizes is indicated in the figure. Usingrelation matrix and hence, it requires redoing the entire
a hierarchical classification structure, the user will haveanalysis if a new image is included in the basis. In ad-
the added flexibility to branch off new classes based ordition, since all images are processed simultaneously at
additional problem specific microstructural features.  each step, the method requires the storage of all previ-
To test the classification scheme employed, 375 rawously coded images. This is inadmissible in a dynamic
images of microstructures were created using the Montéibrary where images are processed sequentially. We em-
Carlo grain growth model. Each image was sized toploy an incremental PCA technique proposed byc@ko ™~
128x 128 pixels with 256 gray levels and subdivided and Leonardis [5] for a dynamic update of the eigenfaces.
into 11 classes of microstructures based on grain shapem this method, the microstructure images are discarded
The rose of intersections of microstructure images werafter the PCA update and only the coefficients of the
normalized in the range-1, 1] and were used as feature images are stored along with the associated eigen-basis.
vectors. About ten percent of randomly selected imagedhis provides a framework for online representation of
were used for training and the rest were used to test thenicrostructure images. The Euclidean measure Equation
accuracy of classification. It is ensured that the training(8) is used as the criterion for the update of the basis. The
and the test sets do not overlap. The classifier was repeaititial eigen basis for this algorithm is obtained by apply-
edly trained using random sets of 40 images and the clasng the batch PCA on a small set of images in each class
sifier accuracy was checked using the rest 335 imagesf the microstructure library. The representation format
as test examples. On the average, the multi-class suppasf an image in the dynamic material library is shown in
vector machine classification scheme gave an accuracyable 2. The representation coefficients are generated us-
of 92.53 percent, with the lowest accuracy of. B@ per-  ing the Eigen basis of images in the combined shape and
cent and highest accuracy of .82 percent for 30 such size class.
experiments. The number of training examples were in-
creased to 100 randomly picked images and the rest 275



FIGURE 7. Microstructure reconstructed using PCA with:
(a) 100 percent of the basis; (b) 80 percent of the basis; (c) 60
percent of the basis; and (d) 40 percent of the basis. 1

TABLE 2. Representation format for a microstruc- 2.
ture in the library

Date: 1/12 02:23PM, Basis updated
Shape Class: 3, (Oriented 40 degrees, elongated)

Size Class : 1, (Small grains) 3.
Coefficients in the basis:
[2.42,12.35,—4.14,1.95]
4,
CONCLUSIONS
5.

A classification based representation scheme for single
phase polyhedral microstructures based on a dynamic
microstructure library has been demonstrated. Support
vector machines, a statistical learning algorithm, hasy
been used to classify microstructure images on the basis
of extracted grain shape and size features. Each class of
microstructures generated using support vector machines
holds a basis for representing microstructure images. The
basis dynamically updates with the arrival of new images7'
within a class. Complete microstructure representation ig
achieved through a set of coefficients in the generated
basis. 9.
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