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Abstract—We use an optimization technique to accurately coordinate in an micro-arrayer [9], [21]. This is called the
Iocate_a distorted grid structure in a microarray image. By spot gridding problem [30], [16], [5]. Even though micro-
assuming that spot centers deviate smoothly from a checkedard arrayers arrange spots on a relatively regular checkedboar

grid structure, we show that the process of gridding spot ceters . . . L .
can be formulated as a constrained optimization problem. Tk grid, spotting error irregularities that occur during the a

constraint is equal to the variations of the transform paraneter. ray manufacturing process makes accurate gridding of spot
We demonstrate the accuracy of our algorithm on two sets centers difficult. Deviations from microarray regularitiare
of microarray images. One set consists of some images fromattributable to different causes, such as center-to-cespizc-

the Stanford Microarray Database; we compare our centers ; iati ; ;

) : ' . ing deviations of an arrayer, varied surface propertieshef t
with those annotated in the Database. The other set consist§ 9 - . y brop . .
oligonucleotide images, and we compare our results with thee substrate, and imprecise movement of manufacturing device

obtained by GenePix Pro 5.0. Our experiments were performed [26]. Spots can also vary in size and position due to noise
completely automatically. in the sample preparation and hybridization processes [28]

Dealing with spot center variations is the principal sounte
complexity in solving the gridding problem.

I. INTRODUCTION Some image analysis softwares for spot gridding found in
the Stanford Microarray Database (SMD) are ScanAlyze [24],

g Esnsetvevrrgzt'iiimriifhgij[)tﬁgt rr;g;oz{rfgltlgae%gsgl prr?l\/elgzﬁgnepix [11], and Koadarray [15]. These softwares require
y : : y parameters and, at times, manual intervention to locatetexa
gene expression levels of the genomic scale. Because of

Ifs ; .
high throughput capacity, the technique has great poldatia spot centers. In GenePix, for example, a user must assign the
biological, medical, and industrial applications. Two bkt

layout of blocks, the number of spots in each block, and the
. : . distances of spot centers between adjacent rows and columns
major categories of microarrays are cDNA [25], [9], [7], [8]An interactive graphic-based environment may be provided

and oligonucleotide microarrays [20], [19]. Specific CDNAto adjust the location of blocks before gridding spot center

or oligonucleotide fragments of genes that are of intela#t, Meanwhile, Koadarray only uses two parameters, namely,

spotted or printed on an array matrix as probes to detect g H% block number and spot number in each block. Although

Expression. ngples of mRNA_s are then reverse tra“ﬂ'scr'bs‘?mpler than GenePix, it produces weak results for slightly
to cDNAs, which are labeled with fluorescent dyes to act 3iated images

targets. The labeled cDNA targets are hybridized to probesAS an improvement to methods that require parameters

by complementation, and the unhybridized targets are th?rqd manual intervention, we propose an algorithm that is

washed out. A laser scanner detects the fluorescent inensi - S :

in proortion to the contents of the hvbridized pairs of accurate and fully automatic. This is very hard to achieve

ang Fr)obes This generates microar)r/a ima eps with ti?(?l without imposing some constraints on the possible solution
P - 1S g nicroarray 9es P LFhus, we only specify one constraint, which assumes thdt spo

tensities for various samples, indicating the relativeregpion centers deviate from a sequence of similarity transfornat

Ievgls.of the genes. Finally, Image processing techniquoes Fvhose parameters vary smoothly. With this constraint, we ca
statistical methods are applied to determine the expness

. . Brmulate the spot center gridding problem as a constrained
levels of the spots of microarrays in order to perform gene_,. . - o o

. . optimization problem by combining a quantitative criterio
expression analysis [6], [27].

; ) . . o that measures gridding result correctness with a constian

An important first step in gene expression analysis is detect o
. . o . reduces local parameter variation. The problem can be dolve
ing the position of a spot center, and labeling its corregpun . . : .

numerically by an iterative algorithm.
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local parameters. Let andy be the coordinates of a pair of
matched centers in an ideal micro-arrayer model and an image
respectively. We us& , to represent the transformation from

Boundary Detection and

Block Extraction

ﬂ x toy and assume that the transformation can be approximated
by a similarity transform. Thusx andy are related by the
Spotting the Centers matrix form
ﬂ _— y = Zc,y(x> ~ A(Xay>x+b(xvy)a
" |deal Arrayer where
Initial Transform Parameters | Model ( ) ( )
oae a(x,y) —b(x,y
1 Axy) = |5 3|
(x,y) a(xy)
. cosf(x, —sin 0(x,
Jacobi Iteration ) A = s(x,y) [ sin 9((X }}:)) cos 9(5( y};) ]’ @)
Y Y
Fig. 1. A block diagram of our approach. We use an ideal-arragodel and
and multi-thresholds to find the initial solution, and sot#e optimization b(x,y) = c(x,y) )
problem by the Jacobi iteration that uses the parameter ’ d(x, y)

is a translation matrix. The parameters of a similarity $ran
, L form are a scaling factos(x,y), a rotation angleéd(x,y),
block’s parameters so that robust initial transform pattanse and a translation vectds(x, y). We denote the centers in the
of each sub-block can be obtained. After obtaining thedhitimodel and image afx} and{y}, respectively, and usk, y|
transform parameters, the Lagrange multipliecontrols the to denote thak andy are a pair of matched centers. Because
balance between the correctness of the estimated transféf Structure of an ideal arrayer is known, we can obtain all

. Doints of the arrayer frordx}. However, as{y} is obtained
parameters and the smoothness of the transforms in the f'g@lprocessing a microarray image, it may not contain all the

solution. spot centers. These two sets may, therefore, have different
Of the many approaches that can be used to solve th@mbers of elements. Thus, we use the active.4gt} of

spot gridding problem, graph matching [1] and Bayesian grigk} to represent the largest subsetfin which any element

matching [12] find the best solution; the former by dynamienly has a matched center {ly}. The mean squared error of

programming, and the latter by simulated annealing. Howev8II matched centerglx, y]} is

we have found that these approaches are too complex foere({[&y]}) _ 1 Z 1A%, y)x + b, y) — yI[2, 3)

our goal. Our proposed method is based on an optical flow

A}
estimation approach [14] in which a template structure is . .
deformed to numerically estimate the deformation. where|.A{x}| is equal to the number of all matched pairs.

. N _tlﬁfually, the distortionZy, varies smoothly in an image.
We illustrate our results using images manufactured wifl,s we can impose a smoothness constraint by minimiz-

different techniques and different signal-to-noise (SN&)} ing the variations ofA(x,y) and b(x,y). Let us assume
els. Note that our resultant images are obtained completéhat y; and y; are paired withx; and x;, respectively.

automatically from the experimental images. That is to sag/, )(()io t?]rr]g X; c%rr? t?;ﬁth?ﬁéi%%rgm;é rt;%? acc;ogj(ing tO) the

: Ss straint, i, Yi) B(Xi,¥i
we use the Eame set g:; pare_lmetersblfor all epre”Ten(th'a dA(x;,y;), b(x;,y;) should have similar values. We use
Section I, the spot addressing problem is formulated a$(x,)'to denote the set of neighbors =f in the active set.
a constrained optimization problem and solved numericallx simple measurement of the smoothness of the parameters
Section Il presents a method to obtain a robust initial sofu  is

xce A{x}

In Section IV, the accuracy of our method is illustrated. (o yl}) = 2 5 1 B>
Finally, in Section V, we present our conclusions. Y= T INM{x;}|
x; €A{x} x; EN{x;}
|A(xi, yi) = Ay, yi)lIE + |Ib(xi, yi) — b(xj, ¥)[°],  (4)

Il. GRIDDING PROBLEM

The first step of microarray data analysis is spot griddingWhere [|.|[r is the Frobenius norm. The Frobenius norm
which identifies the spot centers of a microarray image. Mai®§y matrix B is defined as, />, Zj |b; ;|2, whereb, ; is an
approaches for solving the gridding problem require paramtement in matrixB. According to Equations 3 and 4, we
eters, as well as human intervention. The usual parametgegd to find the set of matched pairs betwéden and {y}
are: the block layout structure, the width and height of eaghat minimizese, + Ae,, where) is a non-negative parameter
block, and the distances of spot centers between adjacgrnit weights the matched pair error relative to the departur
rows and columns. Even if these parameters are given, hunfidm smoothness of the transform parameters.
intervention is still needed to adjust overly-deviated tspo

ce:teris. - ¢ deviat g _ il Numerical Solution

nay;mg the ca_tuse;_o eviations and creating a .u Y To find a numerical solution of. + \es, we use a finite-
automatic system is difficult. A reasonable approach is Kement method because it is easy to implement and achieves
assume that spot center deviations can be modeled as synoaihéatisfactory solution. Let andy be paired, withx in the
varying transformations, which can be characterized byna fective setd{x}. If the coordinate ok is [z1(k,l) x2(k,1)]T



and the coordinate of is [yi(k,l) wya(k,1)]*, then - to P
simplify the formulation of a numerical method - we denote

x asxy,, andy asyy,; the parameters i (xy,yx) as

ax,; andby;; and the parameters b(xx;, yx) ascy,; and

di,;. The mean squared error measurement in Equation 3 is L
therefore:

1
A 2y Do) q

xp,1 €A{x}
where | A{x}| is the size of the active set anfd,(x;;) = %

{(akyl:rl(k, l) — bk’ll‘g(k, l) +cri— yl(k, l))2 + (bkyl:cl(k, l) +

akyzxz(k, l) +dig — yQ(ka l))Q}- Fig. 2. For a smalld, the distance fromp to L is approximated as the
We also use\’ (xx,1) to denote the set of neighborsxof ; in  vertical distance betweep andg.

the active set. In the system of first order neighbors, a t@igh

of x,; in the active set will be eithexy 11, Xk—1,1, Xk 141,

or x;;—1 Whose coordinates are respectively

)
»

Boundary Detection
z1(k+1,1) z1(k—1,1) z1(k,l+1) To extract the boundaries of a slightly rotated image, we use
{ za(k+1,1) } ’ { za(k —1,1) } ’ { za(k, 1+ 1) } ’ the line equationy = = - Ay + By to represent the top or
bottom boundary. We only discuss the method to find either
the top or bottom boundary, as the left and right boundaries
or l’l(k,l — 1) ] .. . . .
2ok, — 1) can be found by a similar method using the line equation
x=1y- Ay + By.
Fig. 2 shows that the distanag, from a point (¢, ) to
Z 1 Z Du(xr) (5) a lineL :y =x-Ayg + _BH can be_apprpximated as the
IV {xk,i } difference of the y-coordinated;, ~ j — (i - Ay + Bg),
as long as there is only a small rotation angle. To find the
wherei, j € {~1,1} and Dy(x,1) = [2(ar; — ar+ii+5)° +  boundary lineL that is tangent to the edges of spot centers
2(bkt — bretiig)” + (Crg — htinr)® + (dig — ditiis)?] located at a boundary, we use the Gaussian-like weighting
We need{ax}, {bx}, {cri}, and{dy,} to minimize function W (dy) = W (i, 5) - exp(—d?), in which W (i, j) =
(6) |0I(i,7)/0j] and I is the image. This function gives more
weight to a pixel that is closer to ling, or to one that has a
To solve this, we differentiate with respect taux i, bx 1, k1, greater absolute intensity gradient. To find the line, wekloo
anddy,; and set the derivatives to zero. The resultant equatiofas the Ay and By that minimize the weighted squared error
are formed as a matrix representation and can be solved by the
Jacobi iterative scheme. In Appendixwe present the Jacobi Erry(Am, Bu) = W(dy) - (d.?).
iterative method for the optimal solution of the parameters i-J
ag.p» bi.1» €. @nddy ;. The final quality of the Jacobi iterative gy differentiating the above equation with respect4g and
solution depends on the quality of the initial solution. het B, and setting the results to zero, we have
following section, we propose a method that finds a robug%
initial solution. a/:,:H

OErry

Equation 4 then becomes

o 2
*T AR,

k1 €A{X} Xpoti, 145 EN{xp,1 }

e = e, + Aeg.

= Z OW (dr)/0Am - (dr)? + (—27) - W(dr) - (dr) = 0,

[1l. FINDING A ROBUSTINITIAL SOLUTION =" OW(dr) /0By - (dL)? + (=2) - W(dw) - (dr) = 0.

. . 0B —
We use a sequence of robust image processing methods for " &
a more automated process of finding effective initial transf  gince oW (d)/04y =

(72j)dL . W(dL) and
parameters. OW(dy)/0Bg = (—2)dr - W(dy), these equations can
be simplified to

A. Boundary Detection and Block Extraction 3 jW(de) - di{di® +1} = 0, and
In a microarray, spots are grouped into blocks, and each 0.

block must be delineated in order to identify the spot center Z W(dg)-de{d> +1} = o.

within the blocks. In [10], the blocks of a microarray are i,

delinea’ged from the vertical and horizontal projgctionf'ﬂn&e If a point is close to lineL, then we havel; — 0. This
of. the image. This method quks We_II, _prowded that thgeans thatd; 2 + 1) can be approximated asp(d;2). If we
microarray image has no rotation deviation. We pl’OpOSGd@notezL to be the summation of all points neay we have
method that can extract the boundaries of a slightly rotatéte approximations of the above two equations, which are
image. From the projection profiles at the perpendicular o

direction to each boundary, the blocks of the rotated image ;]W(W) rde =0, and

can be separated from each other. o
Z W (i, ) - dr 0.
L



The solutions of the above equations are
An = (1/d): {EjﬂVuJJEZNV@J)
—ZWZ] Z] i-W(i,j)}, and (7)

By = (1/d)- {Z]W@] Z]zW@]
ijWm-mem, ®)

whered = (Y-, iW (i,5))? = > W(i,j) - 52>, W(i,J).
Fig. 3. Blocks in each image are enclosed by a rectangulandiog box.

Block Extraction The left image (sizel, 824 by 1,828 pixels) is hp7005a, while the right
. . . . image (sizel, 896 by 2, 032 pixels) is the block detection result of an image
After extracting four boundary lines, we slightly modifyetih ¢ 7c93n085 rotated1.5 degrees.

such that they form a rectangular box. To extract blocks, we
project along each boundary line and select the blocks fro

the projection profile, as described in [10]. Fig. 3 shows th & »
block extraction results of two SMD images. {yl}m[a ,b}r}H .

Y b a
B. Initial Distortion Estimation ﬁ

After the blocks are delineated, we estimate an initia L
distortion of the spot centers in a block. A good initial e ‘ o

x5

estimation of block distortion is obtained by dividing a tio | p
into sub-blocks, and assuming that the transform within . ’ | S
sub-block is the same anywhere in that sub-block. This allow
us to efficiently apply the geometric hashing algorithm tc 2o
obtain transform parameters. There is a trade-off betwee 2
the solutions of geometric hashing and computation time,

i.e, a sub-block with more spots yields a better result &tg. 4. The coordinate frame is related to the fram®©’ by a similarity

sformatlon The parameters of the transformation aimed from
the expense of hlgher computatlon time. EXpe”mentS shol e corresponding coordlnate frames and the centers of rdrmaes. The

that the geometric hashing algorithm estimates acceptaflgidinates of points® and P’ are the same with respect to fram@sand
transform parameters of a sub-block if the size of the'.

sub-block containg6 to 64 spots.

Geometric Hashing to Find Matched Pairs in a Sub-block Sub-block image so that it yields black and white pixels.
We assume that local distortion within a sub-block can bEhe black pixels that are connected to each other form
approximated by a similarity transform. That is, model pein disjoint connected components. After removing connected

and sub-block poiny are related by the matrix transformatiorfomponents that are unlikely to be spots, the centers of
the resultant components are the sub-block pojtsThe

y ~ [Z _b] x + m . (9) algorithm for finding the connect components and their
a centers is presented in Appendix
Geometric hashing can find the parameters of this similarity
transform between the model points and sub-block pointsridding Centers Using a Multi-threshold Markov Model
according to an invariant property. We define a frame from twidecause there are various signal intensities and noisésleve
model points, which form a basis, and assign the coordinatea microarray, using a threshold to distinguish signaterfr
[0 0]7 to one point and1 0]7 to the other. The coordinatesnoise may yield either a spot pattern with insufficient signa
of all other points with respect to the same basis will bieformation, or one with too much noise information. Thus,
preserved after applying any similarity transform to them we use a simple multi-threshold approach on a Markov model
Fig. 4 shows invariant coordinates after a similarity tfanm to locate spots.
is applied to the points in the left sub-figure. In this way, if We begin with a coarse threshold to binarize a sub-block
model points and sub-block points are related by a simjlariimage, compute the connected components of the resultant
transform, we can derive the parameters of the similaritgnage, and find the center of each component. The transform
transform from the matched basis in the model and sub-blotletween the centers of the model and the sub-block image is
A detailed discussion of geometric hashing can be found dabtained by the geometric hashing algorithm. We then refine
[18], [23], [29]. the threshold and repeat the above procedure, but replace th
Note that in order to estimate the transform parameters wigeometric hashing algorithm with a Bayesian approach that
the geometrical hashing algorithm, we need to find sub-blookes a Markov model to refine the initial transform paranseter
points y first. These points are obtained by thresholding @f the sub-block.



is a normal distribution, determined from the distance leefuv

Sub-block
— ;?if:r:gr?t the two corresponding spot centers by the transforrithen,
ﬂ we have
ﬂ —lre)-ylI?
Initial threshold P(Y(ro) |mX) o ][] e = , and
Connected (x.¥]€Q0
ﬂ components ) —e)l?
I P(X(m1) | Y(70),m,X) o 11 o2
Connected components [x,c()]€Q]
Spot —llr(x) =y’ 112
ﬂ centers . H e o2 R
Initial spot centers ‘ @ bx'.y'lee}
ﬂ Parameters where o? is the variance, which is assumed to be constant
refinement for all matched pairs. The transformi that maximizes the
‘ Geometric hashing ‘ likelihood probability
1l J P(Y (7o) | m, X)P(Y (1) | Y(70), 7, X)
Initial sub-block L
‘ Transform parameters ’7 parameters equals the transform that minimizes
, L E(r) = > v -ylP+ > llvG)—c®)If
Fig. 5. The acquisition of sub-block transform parameters. [x,y]€Qo [e.e(y)]€Q!
+ Y I =Y (11)
The block diagram for finding the initial sub-block parame- [/, y'1€Q?

ters is shown in Fig. 5. To illustrate the process Ydbe a sub- ; T
block image,X be the set of model points, add ;) represent The parameters Of. the opt|ma_1l S|_m|lar|ty transforr can .
the set of spot centers detected from the sub-bléckising a be obtained by taking the derivative of the above equation

gray scale threshold leve]. The spot center¥ (r;), detected with respect to each parameter of the transform and setting
by using threshold;, binarize the sub-block image. We therit to zero. Each term in Equation 11 is a quadratic function
utilize the algorithm in Appendix to find the connected of jts parameters. Hence, each term’s derivative is a linear

components and calculate the center of each component. : -
user, : X — Y(r) to represent the similarity transformM/ﬁCt'on of the parameters, and the optimal parameters ean b

(Equation 9) obtained from mapping model poitsto spot obtained by solving a system of linear equations. Although
centersy’ (7). From the Bayes theorem and the assumption th&e above procedure determines the optimal parameters of
the transform parameters of follow equal prior distribution, a sub-block image for two thresholds, it can be extended
the transformz that maximizes the posterior probabilityeffortiessly to any sequence of thresholds.
P(m, | Y(r),X) is equal to the transform that maximizes
the likelihood probabilityP(Y(7) | n,, X). From a set of . .
coarse to fine thresholdsy, 71, 72, ...}, the estimation of ~ Tree-based Outlier Correction .

The initial parameters of a sub-block, obtained from the

Maz=P(Y(70),Y (11),Y (12),... | 7, X)

block diagram in Fig. 5, may be inconsistent with those of
can be simplified by a Markov random field approach, whidis neighboring sub-blocks. If this is the case, we say that
yields the sub-block is an outlier. Because local distortion \sarie

Magz-P(Y (7o) | 7, X) - {H P(Y(ri41) | Y(r),m, X)}.  (10) smoothly, the t.ralnsform parameters of neighbo.ring subkslo

p should have similar values. An error in a previous parameter
estimation can thus be adjusted, based on the estimated pa-

The transformmg of the initial thresholdr, is obtained by rameters of neighboring sub-blocks. An outlier sub-bloak ¢
applying the geometrical hashing algorithm to spot centesg determined by comparing the rotatiérand scales of the
Y (7o) andX. The threshold is iteratively modified in order tosyb-plock parameters to those of its neighboring sub-Isiock
refine the parameters of the transformthat maximizes the we use the following simple method to define an outlied if
above equation. To simplify the notation, we illustratedwel s outside of the proper randé;, 0], or = > ¢, wheres,,
the transform parameter refinement from) to 77. Further js the median scale of its neighboring infier sub-blocks and
refinement of the parameters with a finer threshold can Rea given threshold, then the sub-block is an outlier.

derived in a similar way. The transform parameters of an outlier sub-block can be cor-

We denote the matched pdiix, y]} of 7} asQo. Given the ; : P
new spot centerd’(r1), a matched paigxo, y] in Qo can be rected by the parameters of its neighboring inlier sub+sgoc

modified as[x, c(y)] by replacingy € Y (o) with the closest We use a quadtree structure to organize all the s_ub-blo_cks.
centerc(y) € Y(ﬁ%. We denote this modified matched paifach sub-block is a leaf of the tree, and four neighboring
and the new set of matched pairs betweeérandY (r1) as sub-blocks have a parent node. The spot centers of the parent
Q1 and Q7, respectively, and le©; = Q1|JQ7 be all the node are the union of the spot centers of its children nodes.
matched pairs betweeki andY'(r, ). We assume that the joint g, neighboring parent nodes are then grouped and assigned

probabilites P(Y (o) | 7, X) and P(Y(71) | Y(7),m, X) . . . .
can be factored as the product of the marginal probabifity § & Parent node. This process continues recursively Ureil t

each matched pair element @, and Q;, respectively. We root of the quadtree is reached. Any node can be associated to
further assume that the marginal probability of each elémemset of transform parameters. The transform is obtained fro



Subblock parameters

@ » Parameters refinement
Quad-tree construction ﬂ
@ Initial transform
parameters
Tree-oriented outlier

correlation

Fig. 7. The acquisition of initial transform parametersnfirthe initial sub-
block parameters of Fig. 5.

IV. PERFORMANCEEVALUATION

We evaluate our spot gridding algorithm by comparing our
results with those obtained by other algorithms on two sets
of microarray images. One set contains some poor quality
Fig. 6. A sub-block quadtree, whepeis the parent node of sub-blocks |mage§ from SM,D’ Wh,"e the other set Coma,ms Agllent 60-
(3,1), (3,2), (4,1) and(4, 2). Sub-block(4, 2) is an outlier whose transform Mer oligonucleotide microarrays whose specifications are o
parameters pass throughand are obtained from nod€8, 1), (3,2), and the related web pages [2]. The Agilent’s microarrays areesom
(41). of the best quality oligonucleotide chips currently avialéa

commercially. We use these sets of images to demonstrdte tha

our method can accurately grid the spot centers of images
the transform parameters of the node’s inlier children. Letof \/arying quahty produced by different techn0|ogies_ We
be the set of inlier children of the nogieand let{[x; »,y:x]}  implement our algorithm using the Windows XP platform and
be the set of matched pairs between malleand sub-block 3|l images are processed in the Matlab environment. The gray
i, which is an inlier child ofp. Further, letk be the index of |evel image in SMD takes eight bits, while that of Agilent's
an element in the set. The transform of ngdean then be jmage takes sixteen bits. Throughout our experiments, we

obtained by finding the transform, that minimizes use gray-scale images and set the control parameter-.
Our experiments show that this setting is robust for diffiere
Z Z lyie — m(xin)||>. (12) microarray images.
iel k In the following experiment, we first demonstrate the step-

by-step results of applying our procedure to an image from
The optimal similarity transform parameters can be derive§\p. The top half of Fig. 8 shows a block and the sub-
by taking a partial derivative of the formula of each parametp|gcks of imagehp7004b from SMD. The result of mapping
and setting each result to zero. The new transform parasmei@e model points using the transform obtained by geometric
of the outlier children of node are the optimal parametershashing is shown in Fig. 8(c). The initial spot centers (nedrk
of the nodep. Fig. 6 shows a quadtree of a microarray blocksy asterisks) are aligned with the final spot centers (marked
An outlier node(4,2) in the figure can be corrected by itspy circles), as shown in Fig. 8(d). Comparing the initial and
inlier sibling nodes,3, 1), (3,2), and(4,1), as described by fina| centers, we find that the distances between the cerfters o
Equation 12. The new transform of the outlier ndde2) is  strong signals are shorter than those between weak signals.
inherited from the transform of its parent node Thus, the Jacobi iterations refine the spot centers of weak
The quadtree structure allows us to extend this simple esignals. Fig. 9(a) shows the super-imposition of our center
ample to correct any number of outlier sub-blocks of différe on the block images. The only center that lies outside of
sizes. If some children of a nogeare inliers, the parametersa box corresponds to a very weak signal. Fig. 9(c) shows
of the inlier children nodes are used to calculate the patensie the histogram of the distances of our centers and the centers
of the parent node, according to Equation 12. The resultanprovided by SMD. The mean and standard deviation of the
parameters are passed to all outlier childrep,cind become histogram arel.2 and 0.9 pixels, respectively. The average
the new parameters of the outlier nodes. If all the childrén gistance of adjacent spot centers of both SMD and our method
p are outliers, them is an outlier. We can use the parameterg 15 pixels. Thus, our method accurately locates the spot
obtained from the inlier sibling of as the new parameterscenters of this image. Fig. 9(b) shows the distribution @ th
of p. These parameters replace those of the childrep.of spot center distance versus the average spot intensity. The
Details of this tree-based outlier correction algorithm given distance between the spot centers with the largest average
in Appendix3. Fig. 7 shows a block diagram, using a tree tfhtensity and those with the smallest average intensity is
correct sub-block parameters in order to obtain the finéibini then uniformly divided into four sections. The mean and the
transform parameters. standard deviation of the distance between our spot centers
and those of SMD with spots, whose average intensities are
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Fig. 9. (a) Our final centers are super-imposed on the blottkhuhone center
are within box boundaries. The boxes are from SMD. (b) Thétescplot of
the distribution of the pixel distance of our spot centerd #mose of SMD
versus the average intensity of the spots. (c) The histogrithe distance
between our spot centers and those in SMD. The average ahstatween
adjacent SMD spot centers i$ pixels. (d) The distribution in sub-figure (b)
is partitioned into four sections of equal distance and ayerspot intensity.
The spot intensity of each section is eith@6, 133), [133, 170), [170, 207),

or [207, 244], where96 and244 are respectively the smallest and the largest

hp7004b divided into 16 sub-blocks. (c) the result of geometric hashing. (dfPOt intensities. The mean and the standard deviation di eaction are
the alignment of the initial and final centers. The initiahtas are marked Plotted in this subfigure.
by asterisks and the final centers by circles.



located within each section, are calculated and plotted @af SMD, while Fig. 12(b) shows a super-imposition of our
Fig. 9(d). As this sub-figure shows, the variation of the meatetected spot centers over the image block provided by SMD.
and the standard deviation of different spot intensities loa All spot centers detected by our method are located within
neglected, which indicates that the accuracy of our methodtheir corresponding boxes. Fig. 12(c) plots the histogrdm o
consistent for all spot intensities. This is because thgalni the distance between our spot centers and those provided by
spot centers, found by using the modeling approach andSMD for four blocks inS H D R146, including the block2, 4).
sequence of robust procedures, are close to the accurdte 3poshow the dependence of our method on the average spot
centers. Moreover, the spot centers of weak signals, whitttensity, we plot the distribution of the distance of spetters
are usually less accurate in the initial solution, are refing versus the average spot intensity in Fig. 12(d). The range
Jacobi’s iterations. Consequently, our method for grigdipot of the spot intensity is divided into four segments of equal
centers renders an accuracy that is independent of thesitjtenlength. The mean and the standard deviation of points in the
of a spot. distribution located in each segment are plotted in Figel2(
Fig. 10(a) and Fig. 10(c) represent two image blocks of Fig. 13, Fig. 14, and Fig. 15 show other examples of pro-
Agilent 60-mer oligonucleotide microarrays. There & cessing noisy SMD images. Distance histograms of our spot
spots in the image and the distance between adjacent sparters and those of SMD are given in Fig. 13(c), Fig. 14(c),
centers is10 pixels. The spot centers of our method irand Fig. 15(c), respectively. The mean and standard dewiati
Fig. 10(a) and Fig. 10(c) are super-imposed on the imagefseach segment of distance distribution versus average spo
and shown in Fig. 10(b) and Fig. 10(d), respectively. Thatensity, as shown in Fig. 13(d), Fig. 14(d), and Fig. 15édl§
rectangular boxes are obtained by using GenePix Pro 5.0, gnhakted in Fig. 13(e), Fig. 14(e), and Fig. 15(e), resp&tyiv
statistical measurement is used to demonstrate that our spoe average adjacent spot distance of these imagd$ is
centers and those of GenePix Pro 5.0 are matched. Fig. 1{&gls, while the mean and the standard deviation are each
and Fig. 11(b) are the respective distributions of the lomrial less than2 pixels. Moreover, the distance between our spot
(X) and vertical ") differences between our spot centers ancknters and those of SMD is irrelevant to the spot intensity.
those provided by GenePix Pro 5.0, compared to the averag&rom the results of processing oligonucleotide images and
spot intensity. The distributions are obtained by accutinga noisy SMD images, we show that our method can accurately
the results of eight blocks of Agilent's microarrays withdetect the spot centers of images of varying quality that are
typical blocks, as shown in Fig. 10. Measuring the mean anganufactured by different techniques. The accuracy of pot s
standard deviations of all the spot differences of thesgyena gridding method is irrelevant to the intensity of a spot. The
the horizontal mean and standard deviation of spot-centerethod is robust and automatic because, in our experiments,
differences are).1 and 1.0 pixels, respectively, while thosewe do not use any manual adjustments to find spot centers
of vertical spot-center-differences afe4 and 1.04 pixels, after a block is delineated. Our algorithm takes less than
respectively. Fig. 11(c) is the histogram of the number ohinutes to grid an image of abodb0 by 450 pixels on a
pixels versus the distance of spot centers for our spot rent€PU whose speed x4 GHz per second . The slowest part of
and those of GenePix. The maximal value of the histograpur algorithm occurs when computing connected components.
occurs at approximately one pixel. The reason may be thafTifiis can be improved when implemented in an environment
we assume the marginal probabilities of horizontal andeart that is more efficient than Matlab.
spot-center-differences are of normal density with meano ze
and variance one, then the distance of spot centers becomes V. CONCLUSION

a Rayleigh dlstrlput!on .Whose max_|mal value occurs at one A large proportion of grid distortion can be approximated by
pixel [22]. The distribution of the distance between thetspg locally smooth distortion. In this manuscript, an optiatian
centers of our method and those of GenePix Pro 5.0 is plongﬁiproach is proposed to grid the exact spot centers of a
in Fig. 11(d). To measure the effects of the average S_H?ﬁcroarray image, whose grids are slowly varying similar-

intensity on the spot center distance, we partition the 80Ny, ansforms. A Bayesian approach and a multi-threshold
in the distribution according to their intensities into #elient arkov model are used to find robust initial parameters. The

number of segments. We then measure the mean and stan | parameters are refined by Jacobi iterations, whitties

dfeviatir?n o;th_e points located in eaCE segr_nerllt_. Tgi resUliSr optimization problem. Experiments show that our method
o €lg tan S|xte_en segme_nts are snown in g. (€ a@Qn robustly extract accurate spot centers from microarray
Fig. 11(f), respectively. The intensity interval of eaclgsent iy, 1504 smooth grid distortions. In practice, howeveidgr

is calculated by using a similar method to that used to obtaifk,rions can be discontinuous. Improving our method for

the mj[e_nsny interval of F,'g' 9,(d)’ where the rgng_e.bet\/\(eqﬂ]ages of discontinuous distortion grids is an issue worth
the minimal and the maximal intensity values is divided intg . study.

segments of equal length. From Fig. 11(e) and Fig. 11(f),
the spot center differences between our method and those of
GenePix appears to be independent of the average interfisity o
the spots on these images.

We use the array notatidm, ¢) to denote the block at the
th row and thec-th column of a microarray image. Fig. 12(a)
shows the block(2,4) in the microarray images H D R146
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We useN (k, 1) to represent the number of neighborsxgf;
= ale[nla -] o) that are in the active set{x}. Differentiatinge in Equation 6
: DEE with respect toay, i, by, cx; anddy,; yields
LI HEEERCHEEE
= EEE EEE S agzl = ﬁ[ak’l(m(k,l)Q +:E2(k‘,l)2) +Ck’l$1(k,l)
EE +dk71$2(k7 l) - (.T1 (k7 l)yl (k7 l) + .TQ(]C, l)yQ(k:7 l))

+8X(ak, — ax,1)]

83:,1 = gy oe(@a(k, 02 + z2(k, 1)?) — cxawa(k, 1)
+diaw1 (k1) + (22(k, Dya(k, 1) — @1k, Dy2(k, 1))
+8A(br,i — bi,1)]

= ﬁ[ak,ml(k, l) - bk,mg(k, l) + Cri — y1(k, l)
+4X(ck,1 — Cr,1)]

B Al jaaie sty = Taglaka(h D) + biawn (k1) + dig = g2k, 1)
- +4M(dr,1 — di1)],

(d) - -
where a;, by, ¢y, and di,; are the local averages of
Fig. 10. _(a),(c)_: Two image blocks of oligonu_cleotide chifis) _is obta_ined a1, by, ¢y and dk,ll respectively. Extremum values occur
by super-imposing our spot centers on sub-figure (a), wiileif obtained when the above derivatives efequal zero. To simplify the
by super-imposing our spot centers on sub-figure (c). Theamgalar boxes fgormulation, letB be the matrix
in the images are obtained by using GenePix Pro 5.0. Thendistaetween

de
ack,l

CEEE

adjacent spot centers of the two imaged (spixels. w10k, D2 2z (k, D2 + 82 , ) @1(k, 1) wa(k, 1)
0 xq(k,1)° + xo(k, 1) + 8X —xo(k, 1) xq(k, 1)
@y (k1) —ag(k, 1) 13 4x 0

2 (k, 1) @1 (k, 1) 0 144X



10

The resultant equations can be combined in the followirBpttom-up Algorithm

matrix form:

Qg1 2 0 0 0 @k,l
br.1 - 0 2 0 O b1
Bl =% 0 01 0| e
di 00 0 1 1
J?l(k}, l)yl(kv l) + 2?2(/{,‘, l)yQ(kv l)
4 J?l(k,l)yg(k},l) - J?Q(k,l)yl(k},l)

yl(kvl)

y2(k, 1)

After multiplying both sides of the above equation By ! (if B~ does not
exist, we can use the pseudo inverseR)f we have

ak,l 2 0 0 0 C:lk,l
bet | om0 2 0 0 b
an | =P 10 01 0| au
dkyl 0 0 0 1 Jk,l
z1(k, Dy1(k, 1) + 22(k, Dy2(k, 1)
+B_1 ‘Tl(k7 l)yQ(k7 l) - xQ(k"7 l)yl(k"7 l)
yl(kvl)
yQ(k7l)

We can solve the above equation toy ;, by ;, ci,;, anddy ; by the Jacobi
iterative scheme

(n+1)
il 2 0 0 0 ar.
byl — 4\B-! 0 2 0 O ol
RO 00 1 0|2,
e 00 0 1 "
k,l
ml(k:7 l)yl(k:7 l) + 372(]{,‘, l)yQ(k7 l)
+371 xl(k7 l)yQ(k7 l) - xQ(k7 l)yl(kv l)
yl(k7l)
y2(kvl)

The new values oy ;, by, ck,;, anddy; are equal to the average of the
surrounding values multiplied by a matrix, and the additdran adjustment
term. The final quality of the Jacobi iterative scheme sotutliepends on the
quality of the initial solution.

APPENDIX I
FINDING CONNECTED COMPONENTS AND THEIR CENTERS
The region growing technique proposed in [3] is a popularhmetfor finding
the connected components of black pixels from a binarizedgen The
algorithm is not optimal, but it is efficient and simple to ilment. The
initial step of the algorithm is to un-label all black pixels$ then iteratively
performs the following steps until all the black pixels aabédled:
Step 1.
connected component and label it.
Step 2. Any un-labeled pixel that neighbors a pixel in the nemted
component is labeled and included in the connected componen
Step 3. Step 2 is repeated until there are no un-labeledspiegghboring
any pixel in the component.
Step 4. If any un-labeled pixels still exist, return to Step 1

The center of a connected component is the mean of the catedirof the
pixels in the connected component. Criteria, such as thepaotmess of a
spot [17], could be used to determine whether a connectech@oent is
associated with a spot. However, in our algorithm, we usesize of a
connected component to determine whether it is likely to lspat.

We assume that an image sub-block composeanoby n spots hasu
by v pixels. The numbersn and n can be obtained from the model sub-
block. Thus, a spot in the image takes at mdst= > pixels. We remove
a connected component whose size is either too smallAfoor too close
to A. A connected component that is too small is likely to occurabse of
noise variations, while one that is too large may yield adamyror in center
computation.

APPENDIXIII
A TREE-BASED OUTLIER CORRECTIONALGORITHM.

We correct all outliers by first using the Bottom-up Algonth then the
Top-down Algorithm.

Step 0. Build the quadtree.

Step 1. Calculate the similarity transform of each sub+hl®ub-blocks
are represented as the leaves of the tree.

Step 2. Mark sub-blocks that have inconsistent parametemutiers.

Step 3. Use Equation 12 and the parameters of the inlier ki to
calculate the transform parameters of the parent nodedl tfie
children of a node are outliers, mark the node as an outlier.

Step 4. If all nodes at the current level are inliers, we stothia level.
Otherwise, we proceed with Steps 3 and 4 one leaf higher tian t
current level until the root of the tree is reached.

Top-down Algorithm

Step 0. Begin at the root of the tree, (which is assumed to bali@n).

Step 1. If we reach the lowest level of the tree, we stop. @tiser; for
each node at a level, if any of its children nodes are oufliees
use the parameters of the node as the new parameters oflies out
children and remove the outlier mark on them.

Step 2. Repeat Step 1 one level down.
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Choose an un-labeled black pixel as the seed for aynewl
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Fig. 12. Compares our spot centers with those provided by Sdpand
(b) are respectively a block in imag&H DR146 of SMD and the super-
imposition of our spot centers on the image. The spots peavidy SMD

Fig. 13. Block (1,2) of LC23N085 is shown in sub-figure (a), and the
super-imposition of our spot centers is shown in sub-figime The spots
provided by SMD images are shown as boxes, while detectet cgmters
images are shown as boxes, while detected spot centers gkedhiy small, are marked by small, bold squares. (c) shows the distanéeghésn of four
bold squares. (c) shows the distance histogram of four rahd@hosen randomly chosen blocks diC23N085. The average distance between SMD
blocks of SHDR146. The average distance between adjacent spot cent@djacent spot centers is abolfi pixels, while the mean and the standard
is about15 pixels, while the mean and the standard deviation of the spdeviation of the spot center distance, arg and 1.0 pixels, respectively. (d)
center difference, ar8.9 and 0.6 pixels, respectively. (d) is the distribution is the distribution of spot center distance versus the @eespot intensity.
of the spot center distance verus the average spot intefisity distribution  This distribution is divided into four segments of equalgén The mean and
is divided into four segments of equal length. The mean aedstandard the standard deviation in each segment are plotted in subefig).

deviation in each segment are plotted in sub-figure (e).
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Fig. 14. Block(3, 4) of lc30n008 is shown in sub-figure (a), and the super-ig, 15. Block(1, 1) of 1c30r010 is shown in sub-figure (a), and the super-
imposition of our spot centers is shown in sub-figure (b). $hets provided jmposition of our spot centers on the block is shown in subrig(b). (c)
by SMD images are shown as boxes, while detected spot camenmarked shows the distance histogram of four randomly chosen blotHs30r010.

by small, bold squares. (c) shows the distance histogranowf fandomly  The average distance between SMD adjacent spot centerstiis Hbpixels,
chosen blocks 0fc30n008. The average distance between SMD adjaceRfhile the mean and the standard deviation of the spot cerstande are
spot centers is aboult pixels, while the mean and the standard deviation 76 and 1.2 pixels, respectively. (d) is the distribution of the sponies
of the spot center distance, atet and 1.0 pixels, respectively. (d) is the gistance verus the average spot intensity. This distdbuts divided into

distribution of spot center distance versus the average igpensity. This  four segments of equal length. The mean and the standaretidevin each
distribution is divided into four segments of equal lengfihe mean and the segment are plotted in sub-figure (e).

standard deviation in each segment are plotted in sub-figre
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