
Abstract— In this paper a fully automatic method for gridding 
bright field images of bead based microarrays is proposed. There 
have been numerous techniques developed for gridding 
fluorescence images of traditional spotted microarrays but to our 
best knowledge, no algorithm has yet been developed for gridding 
bright field images of bead based microarrays. The proposed 
gridding method is designed for automatic quality control during 
fabrication and assembly of bead based microarrays. The method 
begins by estimating the grid parameters using an evolutionary 
algorithm. This is followed by a grid fitting step that rigidly aligns 
an ideal grid with the image. Finally, a grid refinement step 
deforms the ideal grid to better fit the image. The grid fitting and 
refinement are performed locally and the final grid is a non-linear 
(piecewise affine) grid. To deal with extreme corruptions in the 
image, the initial grid parameter estimation and grid fitting steps 
employ robust search techniques. The proposed method does not 
have any free parameters that need tuning. The method is capable 
of identifying the grid structure even in the presence of extreme 
amounts of artifacts and distortions. Evaluation results on a variety 
of images are presented. 

Index Terms —griddng; bead; microarray; registration;  
I.  INTRODUCTION 

Bead based microarrays have now become ubiquitous in almost all areas of biomedical research. Randomly assembled bead microarrays use micrometer sized spherical beads as the solid support for various kinds of molecular reactions. The bead surface is coupled with capture probes such as proteins, oligonucleotides or peptides which capture the target analytes in a sample. The target analytes are subsequently quantified using fluorophore conjugated detection molecules. The beads are immobilized by trapping them, into wells etched on the surface of a substrate, using fluidic, magnetic or electrostatic 
forces. 

Proper fabrication of bead microarrays requires stable immobilization of beads to sustain fluidic forces exerted during bioassay. Bead deposition however is not a straightforward process, as the number of beads that get deposited cannot be 
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precisely controlled. Fabrication can involve multiple deposition steps in which beads are deposited and washed off alternately. If beads are not washed off properly, clusters of beads will remain on the surface. Similarly, if the washing is too harsh too few beads may get immobilized. Locating and counting immobilized beads, a process known as bead detection, is an important and necessary step to ensure successful bead deposition. 
The first step in this bead detection process is gridding, the process of identifying the location of each individual well in the image and assigning an image region to each well. Gridding is, however, complicated by the presence of various artifacts and distortions in the images. The bead deposition process is a wet lab process and involves many fluidics steps. As a result the images can contain a large number of unwanted artifacts such as water spots, dirt particles, pieces of left-over scaffolding etc., (see Fig. 1(d)). Microarray chips may have local non-linear deformations of the grid due to manufacturing imprecisions. The images can also have global non-linear deformations due to spherical aberrations of the camera lens. 
Numerous manually assisted, semi-automated and fully-automated techniques have been developed for gridding fluorescence images of traditional spotted microarrays ([1]- [4]). Bright field images of bead based microarrays however, have some characteristics that differentiate them from spotted microarray images. Some typical bright field images are given in the top row of Fig. 1. In bead based microarray images, clusters of beads can be present (see Fig. 1(b)). Spotted microarray images do not have such clusters of spots. Also, bead based microarrays typically use hexagonal grids whereas spotted microarrays use square grids. Moreover, unlike in fluorescence images where only the expressed beads/spots are visible, in the bright field images all the wells and beads are visible. To our best knowledge, no algorithm has yet been developed for gridding bright field images of bead based microarrays.  
In this paper, we propose a novel method for gridding bright field images of bead based microarrays acquired during or after bead deposition. The proposed gridding method is fully-automatic and is capable of identifying the correct grid structure in the presence of the following distortions:   1) clusters of beads caused by a subpar deposition process,   2) presence of large number of artifacts and spots in the image,   3) non-linear distortions of the grid, and 
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Fig.1. Small regions of original bright field images (top row) and the gridding outputs (bottom row) given by the proposed algorithm. (a) a low resolution image, (b) a high resolution image with bead clusters, (c) a blurry high resolution image and (d) a low resolution image with artifacts. 
 4) blurring of images due to poorly calibrated image acquisition (see Fig. 1(c)).  
 The proposed method is examined on five datasets with different image characteristics and varying amounts of distortions.  

The rest of the paper is organized as follows. Section 2 discusses previous works on spotted microarray image gridding and points out the difficulties in using them for bead based microarray gridding. Section 3 presents the proposed method in detail and discusses how it overcomes the challenges outlined in this section. Section 4 reports the experimental results, including gridding accuracy as well as visual evaluation. Section 5 concludes the paper and outlines directions for future work. 
II. REVIEW OF GRIDDING ALGORITHMS 

The use of axis projections ([1], [2], [3], [4]) is the simplest and most common approach for spotted microarray image gridding. It uses two 1-D signals (axis projections) obtained by projecting the integral of pixel intensities along columns and rows onto the horizontal and vertical axes. The crests in the two signals indicate the horizontal and vertical locations of the spots. This approach obviously assumes that the grid is aligned to the horizontal and vertical axes. To overcome this limitation, the Radon transform [5] has been used (for instance in [6], [7]) to correct any arbitrary rotation of the grid. 
To better account for noise and artifacts, more sophisticated methods such as, wavelet analysis [8], morphological filtering [9] and optimal multi-level thresholding (OMTG) [10] have also been used to analyze the axis projections. Among these, OMTG is the only parameter-free method. However, OMTG (like the other axis projection based methods) is still prone to failure when a significant portion of the image is corrupted. Moreover, the axis projection based methods cannot deal with non-linear deformations of the grid.  

Rueda and Vidyadharan introduced a hill climbing based gridding approach [11] that uses different parametric distributions to perform gradient ascent in the 2-D pixel intensity distribution and detects modes (corresponding to spots) in the image. As with the axis projection based approaches, the hill climbing approach also assumes the grid to be aligned with the horizontal and vertical axes.  
Antoniol and Ceccarelli [12] parameterized the grid as a 6-tuple (the 2-D location vector of the top-left spot, the horizontal and vertical gaps and the rotation angles of the two axes). A meta-heuristic search strategy combining an evolutionary algorithm with hill climbing is designed to search (the 6-D parameter space) for the grid that is best aligned to a previously detected set of guide spots.  
Zacharia and Maroulis ([13], [14]) formulated the gridding problem as a search for parallel and equidistant lines separating the spots. An evolutionary search strategy is used to separately search for the two sets of lines (one set of horizontal and another set of vertical) separating the spots. Bariamis et al. [15] proposed a max margin gridding approach that uses support vector machines (SVMs) to optimally separate the rows (columns) of spots. Both the max margin approach and the evolutionary search strategy seeking parallel lines do not consider non-linear deformations of the grid.  
Hartelius and Carstensen introduced a Bayesian approach [16] to detect both square and hexagonal grids in generic (non-microarray) images. Katzer et al. also developed a Markov Random Field (MRF) based approach [17] for simultaneously gridding and segmenting spots in microarray images. It is a semi-automated method and requires the number of rows and columns as input. Antoniol and Ceccarelli also proposed semi-automatic Bayesian grid refinement schemes ([6], [12]) to handle non-linear deformations of the grid.  
The only gridding techniques for hexagonal grids of bead based microarrays that we are aware of were developed by Giannakeas et al. [18] and Galinsky [19]. However, both these 



techniques were designed for gridding relatively clean fluorescence images and are not well-suited for dirty bright field images.  
 

III. THE PROPOSED METHOD 
The proposed gridding method consists of three key segments: 1) grid parameter estimation, 2) grid fitting, and 3) grid refinement. A schematic diagram of the proposed method is presented in Fig. 2.  
In the grid parameter estimation, the Radon transform and the 1-D axis projections are used to generate the initial estimate of grid parameters. However, instead of using the entire image, first an evolutionary algorithm is used to search for a small patch in the image that is free from distortions and artifacts. Axis projection is then applied only to the small clean patch to estimate the initial grid parameters. The proposed grid parameter estimation is elaborated in section III A. 
To perform grid fitting the image is broken into smaller blocks and an ideal hexagonal grid is fitted to each block. Quick shift mode estimation [20] is used to approximately locate the wells in the blocks. A variant of the Iterative Closest Point [21] pattern matching algorithm is then used within an Inner-RANSAC [22] like robust parameter estimation scheme to rigidly fit the ideal hexagonal grid to the approximately located wells. The proposed grid fitting method is referred to as the Inner ICP – REJSAC (Inner Iterative Closest Point-Rejection Sampling and Consensus) based grid fitting. The method is detailed in section III B. 
The fitted grid is then refined using an iterative approach referred to as the Iterative Mean Shift based Affine Refinement. The iterative refinement alternates between estimating local grid deformations at selected well locations and estimating a smooth global deformation of the grid based on the local deformations. The mean shift algorithm [23] is used to estimate the local deformations at well locations and an affine global deformation of the grid is estimated. The refinement scheme is discussed in section III C. 
After the grids have been refined for all the blocks they are joined to form the non-linear (piecewise affine) grid. The joining involves removing duplicate wells in the overlapping block regions and performing a check to ensure that the grids of all the blocks agree. The grid merging and checking steps are discussed in section III D. 

A. Grid Parameter Estimation 
Let ९ = {ܾ} be a bright field image of width ݖௐ and height ݖு where ܾ ∈ ℤା and ܠ = ݔ] ,  ]் is the spatial coordinatesݕ

of the ݅୲୦ pixel in ९. The objective of gridding is to locate the spatial coordinates of the well centers  = ݔ] , ்[ݕ  that form the grid. An ideal hexagonal grid can be defined using five parameters; a rotation angle ߙ, two distances ݔୟ୮ and ݕୟ୮ and 
the 2-D spatial coordinate of the top left well. The first three parameters are shown in Figs. 3(b) and (c). In this section, we discuss the proposed method for estimating these three parameters: the rotation angle α and the distances ݔୟ୮ and 
 ,ߙ ୟ୮. First the Radon transform is used to estimate the angleݕ
and after rotating the image according to ݔ ,ߙୟ୮ and ݕୟ୮ are 
computed by analyzing the Fourier spectrum [24] of the axis projections. Since noise and artifacts can significantly affect the axis projections, a Genetic Algorithm (GA) is used to search for a patch of the image that is likely to be noise and 

  Fig.2. Overview of the gridding method. 
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artifact free and the parameters are estimated using only the patch instead of the entire image. 
A patch (or sub-image) ℬ of image ९ is defined using a 4-tuple [ݔ௧ , ௧ݕ , ও௪ , ও], where (ݔ௧ , ,௧) is the spatial coordinate of the top-left corner pixel of ℬ (in the coordinate system of ९), and ও௪ and ও are respectively the width and height of ℬ. In the proposed GA, the chromosome is represented as a sequence of the four integer values stored in these four variables. The effects of non-linear or affine distortions are more pronounced in large sub-images than in small sub-images. Therefore, to avoid selecting sub-images that are too large, the permissible values of ও௪ and ও are restricted to the ranges [100ݕ ,and [100  [(ௐ/10ݖ)  .respectively [(ு/10ݖ)
To compute the fitness score for a given sub-image, the wells in the sub-image are extracted using a connected component analysis. Otsu’s thresholding [25] is used to generate a binary image from which connected components are extracted. In a noise-free (good) sub-image, the connected components (CCs) are likely to correspond to the wells. Otsu’s thresholding will produce a good foreground and background segmentation only when their intensity distributions are well separated; a property that is desirable in a good sub-image. A good sub-image is also characterized by equally sized wells placed with uniform spacing throughout the sub-image. Low variance in the distance between neighboring CCs (ߪ) and low variance in size of the CCs (ߪ) are both indicators of a good sub-image. Also, the index of dispersion (ୢܫ ୧ୱ୮) [26] of the CCs 

in a good sub-image is expected to be close to one. The index of dispersion is calculated by breaking the sub-image into a grid of 3x3 blocks. Note that a larger sub-image will make the parameter estimation more robust and therefore, the number of CCs in the sub-image (݊) should also be maximized. Based on these, a quality (fitness) score of a sub-image ℬ  is defined as: 
߰୧୲୬ୣୱୱ = ݊

ห1ߪߪ − ܫୢ ୧ୱ୮ห + 1 .  (1)

The GA is initialized with a population of 50 sub-images that are uniformly distributed throughout the image and have random widths and heights (within their respective permissible ranges). A deterministic tournament selection strategy is used to select reproducing parents along with 10% elitist selection. A single-point crossover is applied to all reproducing parents and mutations are introduced with a 50% probability. The algorithm is allowed to evolve for 10 generations. 
Once a good sub-image ℬ has been found the rotation of 

the grid is detected using the Radon transform. Fig. 3(c) shows an image after rotation correction. The Radon transform gives the 1-D projection of the image along a projection line as: 

,ߠ)ܴ ݀) = න න ,ݔ)ܾ ݀)ߜ(ݕ − ݔ cos ߠ − ݕ sin ݕ݀ݔ݀(ߠ
ஶ

ିஶ
,

ஶ

ିஶ
 (2) 

where ܾ(ݔ, ,ݔ) is the intensity of the pixel at location (ݕ ,ߠ)ܴ .is the Dirac delta function (∙)ߜ axis, ݀ is the shortest displacement from origin to the projection line and-ݔ is the angle between the projection line and the ߠ ,(ݕ ݀) is the integral of pixel intensities along the straight line defined by ߠ and ݀. The 

ܴ(90∘, ݀) for the image in Fig. 3(c) is shown on the left of the image (blue curve). 
In a hexagonal grid, there are six possible values of ߙ that can be used to rotate the image such that the rows of wells are aligned horizontally (the three directional vectors shown using red arrows in Fig. 3(b) and their opposite vectors). In an ideal grid, the angle between these vectors is 60°. However, to account for small affine distortions, the range of the search for ߙ is set to [0°, 70°]. The step size of the search is set to 1°. Let ܴఏ(݀) = ,ߠ)ܴ ݀), where ߠ = 0°, 1°, … , 70° be the Radon Transform of image ℬ for a certain ߠ. For each ߠ, the Fourier 

spectrum of ܴఏ(݀) is analyzed. For a discrete ܴఏ(݀) with ݀ =0, … , ܰ − 1, the Fourier spectrum is computed as: 

(ܭ)ఏܨ =  ܴఏ(݀)݁ିଶగௗே ܭ          , = 0, … , ܰ − 1
ேିଵ

ௗୀ
. (3) 

The wavelength ߣఏ and the phase-shift ߶ఏ (both in pixels) corresponding to the dominant frequency in ܴఏ(݀) are then estimated from ܨఏ. When the rows of wells are horizontally aligned, ߣఏ gives the distance between the rows, as shown in Fig. 3(c). The location of the crest ܿ in ܴఏ(݀) is determined by ܿ = −߶ఏ + (݅ + ఏߣ(0.75 . −ϕ corrects for the phase shift and the first crest of the phase corrected wave (a sine wave) is found at 0.75λ. A score ߰ఏ  is then computed for each θ as: 

  (a) (b) 

 (c) 
Fig.3. (a) Small portion of a bright field image, (b) closer look at the bright field image and the rotation angle α, (c) a region of the bright field image shown in (a) after counter clockwise rotation by α degrees. 



߰ఏ = ൫(ࡾࡸ)்൯ ∗ ൬ቀ൫ே − ൯ேቁ்ࡸ ൰
൫(ࡸࡺ)்൯ ∗ ൬ቀ൫ே − ቁ்ࡾ൯ࡸ ൰

. (4) 

where  is the number of crests detected in ܴఏ, ࡾ =
[ܴఏ(0), … , ܴఏ(ܰ − ,݅)ࡸ ,ࢀ[(1 ݆) = ൜1, |ܿ − ݆| ≤ ,ఏ0ߣ0.25 |ܿ − ݆| >  ఏ is anߣ0.25
 × ܰ logical matrix, ே is an  × ܰ matrix of ones, and  
and ே are  × 1 and ܰ × 1 vectors of ones. The rotation angle ߙ is determined by: 

ߙ = arg maxఏ∈[°,°]  ߰ఏ .  (5) 
The ߠߣ corresponding to ܨఈ is considered as ݕୟ୮. Image ℬ is 
then rotated by ߙ degrees to get the rotated image ℬᇱ , similar 
to the image shown in Fig. 3(c). 

Using the detected crests ܿ and well height ߣఏ , ݊ (row) sub-images are extracted from ℬᇱ , such that each (row) sub-
image contains a single row of wells. One (row) sub-image is shown in Fig. 3(c) using dashed red lines. The Fourier spectrum of the vertical intensity projections of a (row) sub-image is used to produce one estimate of the horizontal gap (ݔୟ୮) between the wells. The median of the ݊ estimates 
obtained from the ݊ (row) sub-images is considered as ݔୟ୮. 

To facilitate the quick shift mode estimation using a symmetric kernel in the next stage, image ९ is rescaled along 
the horizontal axis using a scaling factor (ݔୟ୮/ݕୟ୮) so that 
the horizontal and vertical gaps between wells in the rescaled image ९′ are equal. 
B. Grid Fitting 
 To make the proposed gridding method robust against non-linear distortions, ९′ is broken down into ଶ overlapping 
blocks (ℬ′) in a  ×  grid pattern and the grid fitting and refinement processes are performed locally and separately for each image block. 

This section discusses the steps involved in fitting an ideal grid ࡹ×ଶ = ,ଵܕ] ,ଶܕ … ܕ ]், whereܕ = ݔ] ,  ]், to aݕ
given image block ℬ′. In an ideal hexagonal grid all the points are at exactly the same distance from their 6 neighboring points. A pre-computed ideal grid can be used as long as the grid is large enough to cover the entire image block. The ideal grid is rotated and scaled to fit the image block.  

The grid fitting method involves two sub-steps, 1) detecting a set of likely well locations (guide points) in the image block and 2) estimating the similarity transform that aligns the ideal grid ܯ with the set of detected guide points.  
Throughout the rest of the paper, the following notations are used to describe neighborhoods: a rectangular region of size ݊ × ݉ centered at ܠ is denoted as ܠ)ܪ, ݊, ݉) and a circular region of radius ݎ centered at ܠ is denoted as ܠ)ܪ,  .(ݎ

1) Guide Point Detection 
When considering a bright field image as a 2-D density function, the wells in the image can be viewed as the modes in the density. Therefore, mode seeking algorithms such as quick 

shift and mean shift ([20], [23]) can be used to locate the wells. In the proposed method, quick shift is used to detect guide points and mean shift is used in the grid refinement step. Both quick shift and mean shift rely on the same principle of gradient ascent. Starting from an arbitrary location ܠ in the feature space, ܠ is repeatedly shifted in the opposite direction of the density gradient to reach the peak of the hill that ܠ is on.  
When discrete density estimates are available, the underlying density function ܲ at a point ܠ can be estimated as the convolution between a suitable kernel ܭ and the empirical density estimates:  

(ܠ)ܲ =  ܠ)ܭ − ং(ܠ
(,,ܠ)ࡴ∋ܠ

. (6) 
where  ং is the empirical density estimate at ܠ  and ݎ is the kernel bandwidth. For symmetric kernel functions such as a Gaussian or a uniform kernel, the mean shift vector at ܠ, 

ୱ୦୧୲ܠ = ∑ ܠ)ܭ − ܠ)ং(ܠ − (,,ܠ)ࡴ∋ܠ(ܠ
∑ ܠ)ܭ − (,,ܠ)ࡴ∋ܠং(ܠ

, (7) 
points to the opposite direction of the gradient of the convolution surface ܲ [27]. 

While in mean shift the point ܠ is shifted smoothly in the feature space, in quick shift, ܠ shifts to the nearest neighbor data point ܠᇱ which has a higher density. Shifting the data points repeatedly in this manner connects all the data points into a tree. Any point ܠ that shifts to another point ܠᇱ, is a child of ܠᇱ in the tree. Local modes are extracted from the tree by breaking of branches that represent shifts greater than a user specified distance ݀ in the feature space. It naturally follows, that if at a given data point the density is higher than the density at any other data point that lies within a distance ݀ of it, then the given data point must be a local mode. The proposed guide point detection works in a similar way: if at a given pixel ܠ, the density ܲ(ܠ) is greater than the density at any other pixel 
that lies within the ܠ)ܪ, ,ୟ୮ݔ  must ܠ ୟ୮) region, then pixelݔ
contain a well center. Formally, a pixel ܠ is denoted as a well center if 

argmaxܠ∈ு(ܠ,௫ౝ౦ ,௫ౝ౦)  (8) (ܠ)ܲ
is ܠ. The underlying density ܲ(ܠ) at the pixel center ܠ ݔ]= ,   and a symmetricܠ ]் is estimated using equation (6). The pixel intensity ܾ is used as the empirical density estimate atݕ
Gaussian kernel ܭ of radius ݎ =  ୟ୮ and standard deviationݔ
 :(ୟ୮/4ݔ)

(ݖ)ܭ = 1
ߨୟ୮ଶට2ݔ ቀݔୟ୮4 ቁଶ ݁

ି మ||ܢ||
ଶቀ௫ౝ౦ସ ቁమ

 (9) 

is used as the kernel function. 
2) Transformation Estimation 
To estimate an affine transformation between the model 

grid ࡹ and the guide points ࡿℓ×ଶ = ,ଵܛ] … ܛ ℓ], whereܛ ݔ]= ,  ]் a variant of the Inner-RANSAC algorithm called Innerݕ



ICP-REJSAC (Inner Iterative Closest Point-Rejection Sampling and Consensus) is proposed. As the name suggests, the Inner ICP-REJSAC method uses a rejection sampling technique rather than random sampling, to select the samples from which the parameters of the similarity transform are estimated.  
The rejection sampling is performed by selecting a triplet of points from the set of guide points ܵ, such that the points are nearest neighbors of each other. Let the guide points selected in 

the ݇୲୦ iteration be ࡿଷ×ଶ = ଵܛ] , ,ଶܛ  ଷ]். The selected sampleܛ
 is only considered further if the three pairwise Euclidean ݇ࡿ
distances ݀ଵଶ , ݀ଵଷ  and ݀ଶଷ , defined as ݆݀݅݇ = ݇݅ܛ] − ݆݇ܛ ݇݅ܛ]ܶ[ −
݆݇ܛ ], are all greater than 0.75ݔୟ୮ and less than 1.25ݔୟ୮; 
otherwise the sample is rejected. The range (0.75ݔୟ୮,  ୟ୮) was selected empirically. Three pointsݔ1.25
2′×3ࡹ = ,1ܕ] ,2ܕ  .ᇱ needs to be chosen at the startࡹ Note that in the model grid all triplets of points which are nearest neighbor of each other are equivalent and therefore only one .ܯ which are nearest neighbors of each other are selected from the model grid ,ܶ[3ܕ

If a sample ݇ࡿ is not rejected the similarity transformation 
between ࡹᇱ and ݇ࡿ is computed by solving the system of linear equations: 

ࡿ = ᇱࡹ + ࡸ  , (10) 
where  = ቂܽଵଵ ܽଵଶܽଶଵ ܽଶଶቃ encodes the scaling and rotation 
parameters and ࡸ = ݐ௫ݐ௬൨ is the translation vector. The model 
grid points ࡹ are then transformed using  and ࡸ to generate 
the transformed model grid points ࢀ = ࡹ +  .ࡸ 

RANSAC assumes that the parameters estimated from outlier-free samples will be consistent with all inliers. However this is rarely the case. For instance, the transformation estimated from three pairs of true correspondences may not be the optimal alignment between the two point sets, if the points are perturbed by noise. To overcome this problem Inner-RANSAC was developed by Chum et al. [22]. In Inner-RANSAC a local optimization is performed to refine the estimated model parameters after the initial estimate has been generated from the samples. In the proposed Inner ICP-REJSAC method the local optimization is performed using a variant of the Iterative Closest Point (ICP) algorithm that uses bootstrapping and least trimmed squares. 
In the Dual-Bootstrap ICP [28], bootstrapping regions are defined for both the point sets (the grid points and the guide points) and the transformation parameters are estimated using only those correspondences that lie within the bootstrap regions. The idea being that, if a good alignment can be established between the two bootstrapping regions, then by bootstrapping the registration in these regions and then 

growing them in subsequent iterations, a better alignment can be established. In the proposed method, before the local optimization (the inner ICP) is performed, an initial 
transformation that registers the points in ࡹᇱ and ࡿ was 
already established. The neighborhoods of ࡹᇱ and ࡿ are also likely to be well registered under this initial transformation. Therefore these neighborhood regions are used as the bootstrap regions. Note that here the initial alignment is generated from all-inlier samples and therefore is close to optimal. The circular 
bootstrap region for the ݊୲୦ iteration is defined as ܛ)ܪ , ߩ where (ߩ = ݔ1.25 ∗ ݊ and ܛ is the mean of the three points 
in ࡿ. Correspondences between ܛ and ܜ ∈ ܛ)ܪ  that lie withinࢀ ,   .are used to bootstrap the local optimization (Inner-ICP). The correspondences are established using a nearest-neighbor approach (ߩ

Fig. 4 illustrates the bootstrapping method. The two point sets are shown as blue empty circles and orange filled circles. Fig. 4(a) shows the initial alignment obtained using the three corresponding pairs (points inside the red boxes). In Figs. 4(b) and (c), the bootstrap region (illustrated as points inside boxes) is extended and the alignment quality is also improved. 
The Trimmed ICP [29] uses only a subset of the correspondences that are likely to be good correspondences, rather than using all possible correspondences to calculate the least squares transformation parameters. This makes the alignment process robust to outliers. A similar approach is employed in the proposed method. Only those correspondences that lie within the bootstrap region, and for which the alignment error is less than a threshold, are used to estimate the transformation parameters. In Figs. 4(b) and (c), the correspondences that are used to estimate the alignment parameters are marked with red boxes and the correspondences that are marked with black boxes are trimmed. 
Let {s୧, t୧} be a correspondence between a guide point s୧ and a transformed model point t୧ ∈ T୦୩ where T୦୩ is the 

transformed model grid point set estimated in the h୲୦ iteration of the local optimization (inner iteration). For each correspondence inside the bootstrap region, the squared 
Euclidean distance d୧ = (s୧ − t୧)(s୧ − t୧) is calculated. The correspondence pairs, for which d୧ is less than the median of the d୧s, are used to estimate the new similarity transformation 
matrices A୦୩ and L୦୩ and the new transformed model grid point 
set T୦ାଵ୩ , for the (h + 1)୲୦ inner iteration.  

The local optimization (inner iterations) continues till the 
bootstrap region covers the entire image block ℬ′. The final 
transformed model grid ࢀ is used to calculate the mean 
squared error (݁݉݇݁ݏ ) for the sample ݇ࡿ as: 

݁௦ = ݎݐ ൬൫ࢀࡸ − ࢀࡸ൯൫ࡿ − ൰ࢀ൯ࡿ
்ࡸࢀℓ

 , (11) 



where ࡸ(݅, ݆) = ൜ 1, ݂݅ ൛ܛ , ݁ܿ݊݁݀݊ݏ݁ݎݎܿ ܽ ݏ݅ ൟܜ
݁ݏ݅ݓݎ݄݁ݐ                                        ,0  is an ℓ ×

݊ logical matrix, ݎݐ(∙) returns the trace of a matrix, and  and ℓ are ݊ × 1 and ℓ × 1 vectors of ones. 
 In RANSAC [30] the number of iterations (݇) required to achieve a probability of success ߟ is: 

݇ = log(1 − (ߟ
log(1 − ߳ଷ) (12) 

where ߳ is the fraction of inliers among the guide points. Since in the proposed Inner ICP-REJSAC method rejection sampling is used, ߳ is set to a relatively high value of 0.75. Using ߟ =0.9999 the value of ݇ is 17 (rounded off from 16.808) and therefore 17 samples are drawn through rejection sampling.  
 The transformed model point set ࢀ with the minimum 
mean squared error ݁௦  is selected as the rigidly aligned grid 
ऑ for the image block ℬ′. 
C. Grid Refinement 

In this section, the Iterative Mean Shift based Affine Refinement is discussed. This step uses a similar iterative bootstrapping and trimming approach as the previous step to prevent the refinement from deforming the grid wildly from the initial rigid alignment. The bootstrap region is initialized and grown in the same way as in the grid fitting step. Let  ∈ ऑ be 
one of ݊ grid points inside the bootstrap region in the ݇୲୦ iteration. These grid points are used to initialize ݊ mean shift mode estimations.  

The mean shift vector ୱ୦୧୲ for each  is computed using equation 7. The pixel intensities are used as the empirical density estimates at pixel centers and an ݔୟ୮ ×  ୟ୮ uniformݔ
kernel is used as the kernel function. 
 Starting at  the grid point is repeatedly shifted until a local maximum is reached. Although the mean shift algorithm is guaranteed to converge to some local maxima indicated by a zero gradient, in practice the rate of convergence can become very slow when the window gets close to the maxima. 

Therefore, the mean shift process is stopped when the shift falls below 0.1 pixels i.e., when ||ܠୱ୦୧୲|| ൏ 0.1. 
Fig. 5 shows the mean shift mode detection process. The green squares indicate the initial location of the kernel centers, the red dots show the positions of the shifted kernel centers and the blue dots represent the located modes.  
In noisy and dirty images the mean shift can sometimes shift the grid point farther away from the grid center. To negate this error, the mean shifts for the grid points are smoothed using a circular median filter with a radius of 2ݔୟ୮ i.e., a filter 

centered at a grid point and covering its 12 neighboring grid points. For each  its smoothly shifted version ො is computed as: 
ො =  + median  ൫ൣ(ܠଵ − ,(ଵ … , ൫ܠ −  ൯൧൯,  (13)

where  ∈ ,)ܪ ܠ ,(ୟ୮ݔ2 = ݔ] , ்[ݕ  is the mode detected by 
mean shifting from  and median(ࢄ) returns the ݊ × 1 median vector of the ݊ × ݉ matrix ࢄ. A smoothness score ߰ୱ୫୭୭୲୦ is then computed for each smoothed ො as: 

߰ୱ୫୭୭୲୦ = 1
ොଵ)])൫covݎݐ − ,(ଵ … , ො)  − )])൯,  (14)

where  ∈ ,)ܪ ො ,(ୟ୮ݔ2  (∙)ݎݐ , is the smoothed version of 
returns the trace of a matrix and cov(ࢄ) returns the ݊ × ݊ covariance matrix of a ݊ × ݉ matrix ࢄ. The points in ऑ whose corresponding ψୱ୫୭୭୲୦ scores are lower than the median of the ߰ୱ୫୭୭୲୦ scores are selected as the control points (ऑᇱ) for estimating an affine deformation. A lower ߰ୱ୫୭୭୲୦ score for a point indicates that the differences in shifts between that point and its neighboring points are small, meaning that the shifts are in good agreement. 

Using the selected (untrimmed) control points ऑᇱ =
,′ଵൣ … , ′൧், and their corresponding smoothed versions ऑᇱ =
,′ොଵൣ … , ො ′൧், an affine transformation matrix  is computed 
by solving the system of linear equations: 

ऑ′ =  ऑ′ , (15)

 (a) (b) (c) 
Fig.4. The bootstrapped and least trimmed squares ICP algorithm.  The two point sets are shown using orange dots and blue circles. (a), (b) and (c) the first, second and third iterations of the algorithm. The correspondences marked with squares form the bootstrap region. Only the correspondences marked with red boxes are used to estimate the transformation in each iteration.  



where = ܽଵଵ ܽଵଶ ଵܽଶଵݐ ܽଶଶ ଶ0ݐ 0 1 ൩ , ऑ′ = ቂଵ′ ′ଶ ′ଷ
1 1 1 ቃ and ऑ′ =

ቂොଵ′ ො ଶ′ ො ଷ′
1 1 1 ቃ. ऑ is then transformed using  to generate 

ऑ =  ऑ. ऑ is then set as the new ऑ. The bootstrap region is
grown and the process is repeated until the entire block ℬ′ has 
been covered by the bootstrap region. 
D. Grid Merging and Checking 

Once the grids have been established for all the image blocks, duplicate grid points (points representing the same well) are identified, as grid points from different image blocks that lie in an overlapping region and are within a distance of 0.25ݔୟ୮ of each other. Typically duplicate points are very 
close to each other, in most cases less than a pixel apart. For each set of duplicate points, the mean intensity of pixels within a distance 0.375ݔୟ୮ of the points are computed, and only the 
point with the highest mean intensity is kept. 

If any two or more grid points of an image block in the overlapping region are not within a distance of 0.25ݔୟ୮ of any 
grid points in another image block, the gridding process is assumed to have failed. This is a situation where the grid of one image block is not aligned with the grid of a neighboring image block. In such a situation the gridding process can be restarted.  

IV. EXPERIMENTS AND RESULTS 
The proposed bead microarray bright field image gridding method was tested on 189 images grouped into 5 datasets. The number of images and the properties of the images in each dataset are listed in Table I. The High Resolution Dense (HRD) dataset contained relatively clean high (well) resolution images with tightly packed wells, where the distance between the wells is much less than the size of the wells. The High Resolution Blurry (HRB) dataset contained high resolution blurry images with moderate amounts of artifacts. The Clustered (CLUST) dataset contained images with medium well resolution and large amounts of bead clustering. The Low Resolution Clean (LRC) and Low Resolution Dirty (LRD) datasets contained 

images acquired at 5x optical zoom and had low resolution of the wells. The Low Resolution Dirty dataset images additionally had extreme amounts of noise and artifacts, in some cases spanning over 70% of the image area. All the images suffered from varying degrees of spherical aberration. Fig. 6 shows the gridding achieved on an image from the LRD dataset. Notice that the image also has blurring in addition to dust and noise. The insets shown in Figs. 6(c) and 6(e) are less sharp than the insets shown in Figs. 6(b) and 6(d). 
 The images were obtained using a DSLR camera (EOS 5D Mark II, Canon, Japan) mounted on top of an infinity corrected objective lens (UIS2, Olympus, Singapore). The Ayoxxa biochip (Ayoxxa Living Health Technologies, Singapore) and polystyrene beads from different providers were used for the experiments. The proposed method was implemented in Java and all the experiments were performed on a standard desktop computer with an Intel Xeon Hexa Core 3.2 GHz processor and 16GB RAM. Multithreading was used with up to 12 threads. 
The proposed method was run five times for each image. The detected well regions as well as the well centers were plotted on the image with super-pixel accuracy using a MATLAB script and the output was visually analyzed. Successful gridding was achieved on all five occasions for 187 of the images. The proposed method failed to grid one of the images in the HRB dataset with extreme amounts of blur in two out of the five runs. Another image in the LRD dataset failed in one of the five attempts because of extreme amounts of dirt. However, even in all the three failure cases, the gridding did not fail completely. It only failed for a few image blocks. One of the advantages of performing the gridding locally in image blocks is that failure can be detected automatically (while joining the grids) and the gridding process can be automatically restarted.  
To objectively evaluate the gridding accuracy, ground truth data was generated by manual labelling. 10 images were randomly selected from each of the five datasets giving a total of 50 images. Each image was broken into 25 blocks in a 5×5 grid pattern. Two individuals who were familiar with the data and were involved in performing the biological experiments were asked to manually draw tight rectangular boxes around one randomly selected well in each of the 25 blocks. The centers of the manually labelled rectangles were used as reference well centers. The accuracy of gridding was calculated using the distance dୣ୰୰ between the manually labelled well center and the corresponding well center detected using the proposed method. 
Table II shows the mean, median and standard deviation of the 500 ݀  values (25×2 labels for each image ×10 images per dataset) obtained for each of the 5 datasets. Both the actual pixel values of ݀  and the ݀  as a percentage of the well 

width, defined as ݀% = ௗೝೝ
ௗೢ × 100%, where ݀௪ is the width 

of the well, are presented. Note that ݀% is scale (resolution) invariant. Table II also shows the statistics from the two sets of manual labels separately. The gridding results give good agreement on the two sets of labels for all the datasets. The mean and median of ݀  for all cases are less than 1 pixel. Notice that, while the well centers estimated using the proposed method are continuous values, the manually marked  

 
Fig.5. Mean shift mode estimation. An inverted bright field image with the mean shift initialization locations marked with green squares, the location of the center of the kernel windows during the mean shift iterations marked with red dots and the detected modes marked with blue circles. 



well centers have discrete values. During the manual labelling process, the marked rectangles did not have sub-pixel accuracy, and therefore the corresponding well centers could only lie either at the boundary or at the center of a pixel. Even so, a mean ݀  of 0.31 pixels was achieved for the LRC dataset. Because the wells in the LRD and LRC datasets are only a few (~5 or 6) pixels wide, even small variations between two 

markings of a well region result in a significant difference in terms of the percent error ݀%. Nevertheless, the mean and median of ݀  is less than 0.85 pixels for all the cases. The slightly higher ݀  values for the HRB dataset can be attributed to the extreme amount of blur which makes manually identifying the true well boundaries difficult in some cases. 

 

 (b) 

 (a) (c) 

  (d) (e) 
Fig. 6. The gridding achieved on a dirty image from the LRD dataset using the proposed method. (a) the original bright field image. The approximate regions of the image from which the insets shown in figures (b), (c),(d) and (e) are extracted are marked and labelled. (b) the gridding achieved in a region of the original image with large amount of dirt. (c) the gridding achieved in a blurry region of the image. (d) the gridding result on another dirty region of the image. (e) the gridding result on a blurry region with large amounts of dust particles. 



The receiver operator characteristic (ROC) curves of the proposed method are given in Fig. 7. The x-axes of the plots are ݀% and the y-axes of the plots are 1 − ߬ is defined as the ratio of manually labelled well centers that do not have their corresponding estimated well centers within a given distance (߬)ݎݎ݁ where ,(߬)ݎݎ݁ = ݀%. The ROC curves of the 

proposed method before the grid refinement are also shown (blue lines) to demonstrate the improvement achieved through the refinement process. In the cases of the HRD, HRB, and CLUST datasets the ݀  are less than 2 pixels for all the manually labelled wells and for the LRC and LRD datasets the ݀  are less than 1 pixel for almost all the manually labelled wells. 
An example of a grid before and after refinement is shown in Fig. 8. The image shows a region of the grid where four blocks overlap. Fig. 8(a) shows the grids detected before the refinement. For each well, only one of the block's grid is shown. Fig. 8(b) shows the grid in the same region after refinement. The grid in Fig. 8(b) is smooth whereas the grid points in Fig. 8(a) belonging to the four blocks are distinguishable. In particular, the grid points in Fig. 8(a) belonging to the top-left corner block can be easily identified, as they are heavily skewed towards the top right of the wells.  
The run-times of the proposed method are presented in Table III. They are primarily dependent on the well resolution and well density and are only marginally affected by the level of distortion and noise in the image. The average running time for the dirty LRD images, for instance, is only slightly higher than that of the clean LRC images. 

V. DISCUSSION AND CONCLUSIONS 
Gridding is often the first step in many microarray image analysis tasks and has continued to attract considerable interest from the computer vision community over the past decade. In this paper, a novel method is presented to grid bead microarray bright field images. The proposed method uses a robust Genetic algorithm to search for clean regions in the image and then learns the parameters of the grid from them. It then fits a model grid to a set of detected guide points and then progressively refines the grid through a number of controlled fitting steps.  
Microarray experiments produce large amounts of image data and manual intervention can be a major bottleneck in the analysis pipeline. Automatic gridding has therefore been the holy grail of gridding algorithms. While the proposed method does have some parameters, for most cases these parameters will not need tuning. 
Our experiments show that with the configuration outlined above, the GA is able to find very high quality sub-images consistently in a varied set of images. Small variations in the GA parameters have little impact on the outcome. In fact, for moderately distorted images a primitive random search evaluating a sufficiently large number of image patches is often able to find patches of acceptable quality. The GA also performs a random search but it further improves the outcome by searching the neighborhoods of good solutions. In extreme cases, where large amounts of noise and distortions extend throughout the image, it may be useful to compute the grid parameters multiple times from the ݊ best patches found through the GA, provided that the differences of the scores between the best patch and the ݊ − 1 other selected patches are small. 

TABLE I.  SUMMARY OF THE FIVE EVALUATION DATASETS 

Dataset 

Image Properties 

No. of 
Images 

Image 
Resolution 

(pixels) 

Approx. 
Well 

Resolution 
(pixels) 

Approx. 
Gap 

Between 
Wells 

(pixels) 

Approx. 
No. of 

Wells per 
Image 

HRD  38 5616 × 3744 14 × 14 8 50000 
HRB  13 3416 × 2744 14 × 14 13 20000 
CLUST 10 1364 × 1007 8 × 8 6 10000 
LRC 64 1300 × 1300 5 × 5  3 40000 
LRD 64 1300 × 1300 5 × 5 3 40000 

 

TABLE II WELL DETECTION ACURACY ON THE FIVE DATASETS 

Dataset Statistic 
 (pixels) ܚܚ܍܌

 [%ܚܚ܍܌] 
Overall Manual Label 1 Manual Label 2 

HRD  

Mean 0.560 [3.73] 0.556 [3.71] 0.564 [3.76] 
Median 0.522 [3.48] 0.523 [3.48] 0.521 [3.47] 

Std. Dev. 0.281 [1.87] 0.288 [1.92] 0.279 [1.86] 

HRB  
Mean 0.764 [5.09] 0.808 [5.38] 0.719 [4.80] 

Median 0.795 [5.30] 0.841 [5.60] 0.708 [4.72] 
Std. Dev. 0.371 [2.48] 0.364 [2.43] 0.374 [2.49] 

CLUST 
Mean 0.328 [3.64] 0.369 [4.10] 0.286 [3.18] 

Median 0.299 [3.33] 0.330 [3.67] 0.254 [2.82] 
Std. Dev. 0.216 [2.40] 0.214 [2.37] 0.214 [2.38] 

LRC 
Mean 0.316 [5.26] 0.321 [5.35] 0.311 [5.18] 

Median 0.304 [5.06] 0.298 [4.97] 0.308 [5.14] 
Std. Dev. 0.123 [2.06] 0.130 [2.17] 0.116 [1.93] 

LRD 
Mean 0.389 [6.48] 0.370 [6.16] 0.408 [6.80] 

Median 0.360 [6.01] 0.348 [5.79] 0.374 [6.24] 
Std. Dev. 0.192 [3.20] 0.185 [3.08] 0.198 [3.29] 

 

TABLE III RUNNING TIMES OF THE PROPOSED ALGORITHM 
 Database 

Running Times HRD HRB CLUST LRC LRD 
Avg. (secs)  74.18 23.06 6.58 4.81 4.95 
Std. Dev. (secs) 5.98 1.75 0.21 0.33 0.80 

 



The other empirically determined parameter, the range (0.75ݔୟ୮,  ୟ୮) used in the rejection samplingݔ1.25
scheme, is also robust against images with diverse quality. Typically, each sub-image contains hundreds or even thousands of wells. Even in highly distorted sub-images, a fairly large number of wells are detected by the quick shift mode detection. Fig. 9 shows the quick shift mode detection output on an image region with irregular illumination and dirt. The selected range allows for significant shifts of the wells from their ideal grid locations. If no good samples are found in a sub-image for this range, it is likely that the image or the grid is extremely corrupted and the gridding will (and should) fail in such a case. 

For fluorescence images it can be beneficial to exclude regions of the image that are affected by noise and dirt as they can adversely affect the subsequent quantitation [31]. However, for bright field images it is often useful to perform gridding even in the noisy and dirty regions. In the sequential bead deposition scheme of [32] for instance, the initial deposition images may contain a lot of dirt and scaffolding which can be washed away during the subsequent deposition steps. In such a case, it is necessary to grid the entire dirty bright field images obtained after the first few deposition steps. 
The algorithms used in the proposed method to achieve robustness against noise and distortion require a considerable amount of computation. To keep the execution times reasonable an emphasis was made on parallelizability throughout the design of the method. The genetic algorithm, mean shift algorithm, Radon transform and Inner ICP-REJSAC are inherently parallelizable. Additionally breaking the image into blocks and independently gridding the blocks allow for even more parallelism. The proposed method also has the 

  (a) (b) (c) 

  (d) (e) 
Fig.7. The distributions of ݀ achieved using the proposed method on the 5 datasets. (a), (b), (c), (d) and (e) the distribution of ݀ for the HRD, HRB, CLUST, LRC and LRD datasets respectively. The blue and the red curves shows the distribution of ݀ before and after the affine refinement respectively. The green square marks the distance threshold ߬ at which ݁ݎݎ(߬) falls below 0.01. 

 (a) 

 (b) 
Fig.8. The grid before and after affine refinement. (a) the initial grid fitting 
output on a portion of an inverted bright field image where four image blocks 
meet, (b) the gridding achieved after refinement on the same image region. In 
Fig. (a) the top left block’s grid points can be clearly seen as being skewed 
towards the top-right of the beads. 
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desirable property of being able to detect failures. This is important in building user confidence in an automated system.  
In this paper, the proposed method is presented in the context of hexagonal grids, as they are most common in bead based microarrays. However, it can also be easily extended to detect square grids. 
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 (a) (b) 
Fig.9. (a) A portion of a brightfield image with irregular illumination and 
dirt, (b) modes detected in the brigh field image using quick shift. Note that 
the quick shift mode detection identifies pixels as modes. Here, larger 
squares are drawn centered over the mode pixels for better visualization. 


